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ABSTRACT 
Jacqueline F. Ring: Predicting Admission at Emergency Department Triage: A Test of the 
Admission Predictor Tool 
(Under the direction of Debbie Travers) 
Background: Boarding, or holding patients in the ED while waiting for inpatient beds, is 
one of the most significant contributors to ED crowding and to the risk for medical errors. This 
study presented one approach to addressing the problem of boarding of inpatients in the ED by 
prospectively applying the Admission Predictor Tool (APT), a statistical model that is designed 
to identify at the completion of ED triage, with high confidence, patients likely to be admitted. 
Methods: In this prospective observational study, I evaluated the accuracy of the APT 
Version 2 (APT v.2) during triage on a convenience sample of 169 patients in the UNC Medical 
Center Emergency Department, and identified additional data available to triage nurses to 
enhance accurate admission prediction. Triage nurse input was solicited immediately after triage 
regarding any information available to the nurse at triage that would be important in predicting 
admission accurately. 
Results: The results of this study confirmed that the APT v.2 predicted admission as 
accurately as nurses when applied prospectively. The overall accuracy of the APT v.2 in 
predicting admission or discharge was 80%, equal to the overall accuracy rate of the nurses. The 
most accurate predictions occurred when the nurse and APT v.2 independently agreed to admit. 
Information from triage nurse assessment and documentation provided valuable additional data 
elements (e.g., comorbidities, abnormal assessment observations, hospitalization within the past 
30 days, and ED visit within the past 72 hours) needed to inform a revised version of the APT.   
iv 
Conclusions: This study produced a compelling argument for combining a data driven 
tool and nursing input to optimize accurate prediction of admission using information available 
at the completion of ED triage. I propose to revise the APT v.2 to include nursing assessment 
data elements to improve the accuracy of the tool. Implementation of the revised APT in EDs has 
the potential to improve ED crowding and reduce the risk for medical errors. 
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CHAPTER 1. BACKGROUND AND SIGNIFICANCE 
Introduction 
In the United States (US), there are approximately 136 million Emergency Department 
(ED) visits each year (Centers for Disease Control and Prevention, 2011). ED crowding 
frequently occurs as a result of more patients presenting for treatment than beds available. The 
challenge to provide timely care for patients presenting to emergency departments (EDs) in the 
United States has risen to crisis levels (AHRQ, 2015; Saghafian, Hopp, Oyen, Desmond, & 
Kronick, 2012; Wiler et al., 2010). Decreases in available inpatient beds, increases in the number 
of ED visits, and staffing shortages have all contributed to the development of this problem over 
the past two decades (Olshaker, 2009). Daily crowding resulting in prolonged wait times and 
patients being placed in hallways has been reported by more than ninety percent of hospital ED 
directors (Olshaker, 2009).   
Patients commonly experience delays after the initial assessment while diagnostic testing 
results are pending and after the decision to admit has been made. These delays are “non-value 
added” for the patient since they add no value to the care that the patent receives and can actually 
create opportunity for lapses in standards of care (Hwang et al., 2008; Liker, 2004).  Extended 
wait times, delay in treatment, increase in patients leaving without being seen, worsening of 
condition and death are outcomes associated with ED crowding and inefficiency of patient 
throughput (Tang, Stein, Hsia, Maselli, &Gonzales, 2010). 
 It is well established in the literature that the work up and subsequent wait for an 
inpatient bed for ED patients requiring admission is a major source of ED crowding (Asplin et 
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al., 2003; Bernstein et al., 2009; Olshaker & Rathlev, 2006; Pines et al., 2011; Schneider et al., 
2003; Solberg et al., 2003). The American College of Emergency Physicians (2011), defined a 
“boarded patient” as a “patient who remains in the emergency department after the patient has 
been admitted to the facility, but has not been transferred to an inpatient unit” (American College 
of Emergency Physicians, January 2011). Patients admitted to the inpatient setting from the ED 
experience longer wait times because diagnostic tests have to be completed, a bed requested, and 
they have to wait for bed availability. 
Improving ED throughput for admitted patients would allow for more patients to be 
treated in a timely manner and reduce the number of patients who leave without being seen or 
have to be held (boarded) in the ED for prolonged times while waiting for an inpatient bed to 
become available (Pines & Griffey, 2015; Rowe et al., 2006). Approximately three percent of all 
patients who present to EDs for treatment leave without being seen due to long wait times (Rowe 
et al., 2006). High risk patients who leave without being seen commonly experience worsening 
conditions and complications that could possibly have been prevented if the patient had been 
seen in a timely manner (Bernstein et al., 2009).  Based on 136 million annual ED visits in the 
US, decreasing the percentage of patients leaving without treatment by even one percent could 
improve outcomes for approximately 1,360,000 patients each year. 
Problem Statement 
Boarding, or holding patients in the ED while waiting for inpatient beds, has been 
determined to be one of the most significant contributors to ED crowding (Xie, 2013), and a 
potential high risk for medical errors (Gordon, Billings, Asplin, & Rhodes, 2001). Associations 
have been identified between delays in admission from the ED and adverse cardiovascular 
outcomes, increased time to the initiation of antibiotics for pneumonia, and increased mortality 
(Gilligan et al., 2008; Pines et al., 2007; Sikka et al., 2010; Singer et al, 2011). Prolonged 
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boarding time in the ED has also been associated with decreased quality of pain treatment, 
decreased patient satisfaction, and increased ambulance diversion (Hwang et al., 2008; 
Richardson, 2006; Schull, Lazier, & Vermeulen, 2004). 
My study focused on the problem of boarding of inpatients in the ED by applying a new 
tool for predicting admission prospectively at triage and assessing for other data available at 
triage in order to further refine the APT. The Admission Predictor Tool (APT) is a statistical 
model that is designed to identify at the completion of ED triage, with high confidence, patients 
likely to be admitted (Travers, Mehrotra, Chen et al., 2016) The APT incorporates factors 
available at triage to predict the likelihood of the patient being admitted (Travers, Mehrotra, 
Argon et al., 2016; Travers, Mehrotra, Chen, et al., 2016). Use of this tool at ED triage has the 
potential to enable the staff to run a parallel process of locating appropriate bed placement while 
testing and diagnosis are completed in the ED.  
The APT has been tested through intensive analysis of retrospective data and cross-
validation (Travers, Mehrotra, Argon et al., 2016). My study addressed the next step in 
admission prediction research, to evaluate how version 2 (v.2) of the tool performs prospectively 
in an ED setting. The purpose of this study was to apply the APT v.2 in an academic ED, 
evaluate the use of the tool in a prospective study, and collect triage nurse feedback regarding 
objective and intuitive assessment parameters that nurses use to predict admission.   
Dissertation Organization 
 This dissertation is organized as follows: Chapter 2 reviews the current literature related 
to emergency department crowding, boarding, prediction of admission at triage and admission 
prediction tool research. Chapter 3 reviews the theoretical framework and presents the 
conceptual model that guided this research as well as a modified conceptual model that addresses 
the potential impact of admission prediction. Chapter 4 discusses the specific aims of the study 
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and research methodology including research design, data collection, sample and data analysis. 
Chapter 5 presents the results of the statistical analysis and Chapter 6 contains the discussion of 
those results. 
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CHAPTER 2. LITERATURE REVIEW 
Introduction 
The aim of this chapter is to summarize the current literature on ED crowding, focusing 
specifically on patients waiting in the ED to be admitted to an inpatient bed. In this chapter, I 
will provide a review of the current literature related to emergency department crowding, 
boarding, throughput improvement, prediction of admission at triage, and admission prediction 
tool research.  
Search Strategies 
A literature search was conducted utilizing PubMed and CINAHL electronic data bases 
to survey the literature published between 2010 and 2016 for conceptual and research articles 
related to patients who are held in the emergency department after the decision to admit has been 
made. The initial search produced 342 relevant articles, which were then screened through 
abstract reviews, and narrowed to 26 articles chosen for inclusion based on their relevance to the 
specific aims of the review. Figure 1 illustrates the article review and selection process. 
  
6 
Figure 1. Article Review and Selection Process 
 
A summary of articles reviewed is provided in Appendix A. 
Crowding Research 
Over the past 30 years, timely care of patients presenting to emergency departments has 
risen to crisis levels in the United States (van der Wulp, Schrijvers, & van Stel, 2008; Saghafian, 
Hopp, Oyen, Desmond, & Kronick, 2012; Wiler et al., 2010). The reasons for ED crowding are 
complicated and multifactorial, and can be directly related to system influences such as 
decreased numbers of inpatient beds resulting from hospital closures and reductions, delays in 
throughput due to availability of ancillary diagnostic services, and shortages of nurse staffing 
(Derlet & Richards, 2000; Trezciak & Rivers, 2003; Richardson & Hwang, 2001).  Lack of 
availability of on call consultants and lack of processes to proactively find inpatient bed 
placement prior to the decision to admit have also been identified as system influences 
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contributing to ED crowding (Saghafian et al., 2012). The Emergency Nurses Association 
released a position statement stating that “ED crowding is a systems issue that results from 
increased input as well as inefficient patient flow throughout the hospital. Initiatives to reduce 
and eliminate factors that contribute to crowding must have a broad focus and should address 
both operational and policy issues on a systems level.” (Emergency Nurses Association, 2006). 
Lack of staffed inpatient beds, delay in cleaning beds and inefficient discharge processes on 
inpatient units contribute to the inability to move patients out of the ED and triage and treat 
patients in a timely manner as they arrive (American College of Emergency Physicians, 2013). 
An eight-year study was conducted using data from the National Hospital Ambulatory 
Medicine Survey from 2001 to 2008 to analyze trends in potential causes of ED crowding. The 
researchers calculated ED occupancy in a representative sample of US hospitals by comparing 
rate by length of stay to available beds.  They concluded that although the number of ED visits 
increased by 1.9% over the eight years, mean occupancy increased by 3.1%, indicating that ED 
crowding is significantly influenced by delays in throughput more than the number of patients 
presenting for care. Hospital admission and intensity of testing (e.g., blood tests) were identified 
as the two factors most influential in creating delays in throughput. Holding patients in the ED 
until an inpatient bed is available or “boarding” of admitted patients was also identified as a 
common practice that contributed to ED crowding and decreased patient throughput times 
(Centers for Medicare and Medicaid Services, 2015).  Hospital occupancy, number of elective 
surgical admissions, and the number of ED admissions were identified as primary factors 
influencing ED crowding, with the most prominent reason for ED crowding being the inability to 
move patients from the ED to inpatient beds (Falvo et al., 2007). 
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The Joint Commission reported that crowding was noted to contribute to 31% of sentinel 
events related to delays in care in EDs, defined as “unexpected occurrences involving death or 
serious physical or psychological injury or the risk thereof” (The Joint Commission, 2002).  
They reported 936 sentinel events in 2015, with 250 relating to delays in care, and five percent 
(n=47) occurring in the ED. The Joint Commission cautions that these numbers are likely much 
lower than actual events because reporting of sentinel events is not mandatory (The Joint 
Commission, 2016). University of North Carolina (UNC) Medical Center Risk Management 
investigated one sentinel event related to delay in care in the ED in 2016, but after root cause 
analysis determined that it did not cause patient harm. Over the past five years, two sentinel 
events related to delays in care due to crowding in the UNC ED have been reported (Owens, 
2016).  
The negative consequences of ED crowding include prolonged wait times, decreased 
patient satisfaction, and decreased physician productivity (Mederios, Swenson, & De Flitch, 
2008; Derlet & Richards, 2000; Richards, Navarro, & Derlet, 2000). There is growing evidence 
that links ED crowding to less than optimal patient outcomes (Rowe et al., 2006).  Regulatory 
agencies have recognized the need for optimal ED patient flow, and have mandated measures to 
ensure that hospital leadership addresses the problem of ED crowding.  The Joint Commission 
has mandated that hospitals “develop and implement plans to identify and mitigate impediments 
to efficient flow throughout the hospital.” (Lui, Hobgood, & Brice, 2003). The Centers for 
Medicaid and Medicare Services (2015) recently added measurement of throughput indicators 
such as time from arrival to admission as mandatory reporting for all hospitals. The American 
College of Emergency Physicians passed a resolution in 2006 directing a subcommittee to 
identify strategies that could impact ED front-end operations (Saghafian et al., 2012). 
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Boarding Research 
Richardson (2006) found that in a retrospective study of 66,608 admitted patients, those 
presenting when the ED was crowded had significantly higher inpatient mortality rates, than 
those who were admitted when the ED was not crowded. Forty-three percent more deaths 
occurred in patients presenting to crowded EDs than those presenting during uncrowded times., 
with patients classified as Emergency Severity Index (ESI) 3 category representing the highest 
number of deaths. A strong correlation between ED length of stay and inpatient length of stay 
was reported by Liew and Kennedy (2003) who concluded that “strategies to reduce length of 
stay in the ED may significantly reduce healthcare expenditures and patient mortality” (p. 524). 
Bayley et al. (2005) reported that 80% of patients admitted on weekdays had a length of stay in 
the ED of greater than three hours, potentially influenced by the financial pressures to hold beds 
for elective surgical patients (Olshaker, 2009). 
The first 24 hours have been identified as the most resource intensive hours of a 
hospitalization; thus, many patients who present to the ED with conditions requiring 
hospital admission have the greatest need for specialized inpatient services such as 
advanced diagnostic tests, surgery, or intensive care in those initial hours after they 
present. If these acutely ill patients are boarded for long periods in a crowded ED, they 
are at high risk for delays in treatment and for reduced attention as emergency physicians 
and staff struggle to care for new patients as they arrive. (Moskop, Sklar, Geiderman, 
Schears, & Bookman, 2009, p. 608) 
 
The characteristics of patients boarded in EDs varies based on the dynamics of the ED 
flow in each situation, but in a study of ED boarded patients, Liu et al. (2009) identified that the 
majority of patients boarded were > 50 years old, female, Caucasian, and were triaged as ESI 
level 2 or 3.  The elderly are an increasing population in emergency departments and are more 
likely to be admitted than younger patients (Salvi et al., 2007). “Atypical presentations, altered 
laboratory values, comorbidity, polypharmacy, communication problems, and altered mental 
status” (Salvi et al., 2007, p. 293) all contribute to the complicated diagnostic issues in elderly 
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patients. Triage times are extended as well as total length of stay in the ED and many are held in 
the ED while diagnostic testing is completed.  
Comorbidities have been linked to undesirable events in patients over 50 years of age 
who were boarded in EDs (Liu, Thomas, Gordon, Hamedani & Weissman, 2009). Liu et al. 
(2009) conducted a retrospective pilot study of 150 charts of admitted patients in a tertiary, 
urban, academic medical center to determine the characteristics of patients who are boarded in 
EDs. Common patient characteristics were: age over 50 years (68%), white (81%), female 
(56%), ESI 2 (48%), ESI 3 (38%) and Charlson Comorbidity Index Score >2.5 (41%) (Liu et al., 
2009). The Charlson Comorbidity Index (CCI) was developed by Charlson et al., (1987) to 
identify risk of mortality associated with comorbidities. Wang, Chew, Kung, Chung, & Lee 
(2007) studied 168 patients in a large tertiary referral center in Taiwan, and found that the CCI 
was well correlated with admission in patients who returned to the ED within 72 hours. 
Nurse staffing ratios are also a concern when patients are boarded, as admitted patients 
are frequently placed in “hallway beds” while waiting for inpatient beds and ED nurses and 
physicians are pulled between providing appropriate care for those patients and the patients who 
continue to present to the ED for treatment (Emergency Nurses Association, 2006). Based on 
recommendations from the Emergency Nurses Association (2006), nurse staffing ratios should 
be set at an average of one nurse to four ED patients. Staffing levels for critical care patients are 
generally one nurse to two patients, therefore, if an ED nurse is caring for a boarded critical care 
patient, he or she will be challenged to provide care at the intensive level needed due to patient 
load while the patient is in the ED (Emergency Nurses Association, 2006). As a result, 
conventional nurse patient ratios in the emergency departments can contribute to delays in 
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recognition of deterioration in condition and intervention when intensive care patients are 
boarded in the ED (Cowan, & Trzeciak, 2005). 
Suboptimal outcomes reported to be associated with boarded patients include inadequate 
pain assessment and control, delayed treatments, missed home medications, suboptimal blood 
pressure control, hypotension, hypoxia, and undetected arrhythmias (Liu, Thomas, Gordon, 
Hamedani, & Weissman, 2009). Liu et al. (2009) examined undesirable events among boarded 
ED patients through a pilot study and found that 27.8% of all boarded patients had an 
undesirable event of some type. ESI level 3 patients had the highest percentage of undesirable 
events (29.8%), with 28.8% of ESI level 2 patients having an undesirable event. Missed home 
medication was the most common undesirable event (17.9%) with missed ED treatments 
occurring in 8.6% of all patients in the study. No deaths were reported in the pilot study, but The 
Joint Commission reported that approximately one half of all sentinel events, (defined as 
“unanticipated events resulting in death or serious physical or psychological injury, not related to 
the natural course of the patient’s illness”) related to delays in treatment, occur in EDs and 
overcrowding contributed to 31% of these cases (2002). 
Cowan and Trzeciak (2005) reported that the separation of critically ill patients from 
critical care clinicians due to boarding in the ED can prevent the initiation of critical 
interventions and lead to deterioration of the patient. EDs are not typically equipped to provide 
invasive hemodynamic monitoring, arterial and pulmonary artery catheterization, and other 
procedures that allow clinicians to assess immediate changes in condition and intervene before 
the patient’s condition deteriorates. Richardson (2006) reported that patients presenting during 
high occupancy times in EDs have higher in-hospital mortality rates at 10 days than those 
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presenting when the ED is not crowded. The mortality rate was reported as higher in patients 
over 60 years of age, and in Triage Category 1 on the Australian Triage Scale.   
Medication errors, particularly missed home medications, and lack of pain control are 
noted as common negative consequences of patients boarding in EDs while awaiting admission 
(Derlet, & Richards, 2000; Hwang et al., 2008). Hwang et al. (2008) reported that in a study 
including 1,068 patients in an urban, academic, tertiary ED, there were “significant delays of 
over one hour for pain assessment, the ordering of analgesic medication, and the administration 
of analgesic medication during periods of high ED census and high numbers of boarders” 
(p.1252). Schull, Vermeulen, Slaughter, Morrison, & Daly (2004) reported that ED crowding 
was associated with increased time to thrombolysis in patients diagnosed with acute myocardial 
infarction. Patients diagnosed with sepsis are also at risk to be negatively impacted by being held 
in the ED prior to admission due to potential delays in antibiotic administration. Gaieski, 
Mikkelsen, Band, Pines, Massone, Furia, Shofer, & Goyal, 2010) reported a 17.5% decrease in 
mortality for patients with sepsis who received appropriate initial antibiotics in the ED. Boarding 
in the ED can subject these critically ill patients to significant treatment delays. 
Operational Throughput Improvement Research 
Many researchers have explored operational solutions to facilitate throughput, including, 
but not limited to patient streaming, nurse assessment of the patient immediately on entering the 
ED, providers at triage, workflow design to prevent patients leaving without being seen, bedside 
registration, triage based protocols, and immediate bedding when available (Vance & Sprivilis, 
2005; Mederios, Swenson, & De Flitch, 2008). Other research has focused on technology as a 
way to expedite patient flow in the ED. The ability to use technology to decrease interruptions to 
ED clinicians and improve their productivity to enhance patient flow has been explored through 
the use of two-way communication devices, mobile computers, and electronic tracking boards 
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(Wiler et al., 2010). Team approaches to delivering care have also been studied and found to 
improve throughput when utilized consistently (Vance & Sprivilis, 2005).    
The financial impact of emergency department crowding created by holding admitted 
patients with chest pain in ED beds was reported by Bayley et al. (2005) as a lost opportunity 
cost of $204 per patient waiting more than three hours in the ED to be admitted. When multiplied 
by the number of all patients boarded in EDs this can create a significant loss of potential 
revenue. Falvo et al. (2007) conducted a retrospective study of 62,588 patients and reported that 
the lost revenue for one year was approximately $3.9 million due to beds being held by boarding 
patients in a 450 bed hospital and concluded that “reducing admission delays that restrict the 
utilization of ED treatment beds for additional patient services may significantly improve a 
hospital’s net revenue from ED operations” (p. 336). 
Quality improvement initiatives to address throughput using the Lean model in 15 EDs in 
the United States, Australia and Canada was reviewed by Holden (2011). The Lean concept 
focuses on elimination of waste and error potential in processes. When applied to ED throughput 
processes, resulting operational changes included staffing reassignment, re-organization of 
spaces, use of new technologies to communicate, and patient streaming initiated at triage based 
on symptoms and acuity level. In addition to improved throughput times, staff engagement and 
organizational culture were positively impacted, while very few negative patient care effects 
were reported (Holden, 2011).  
Streaming 
Patient streaming has also been studied as an approach to predicting and preventing 
bottlenecks in emergency department flows (Saghafian et al., 2012). Streaming, or separating 
patients and resources into tracks according to anticipated discharge or admission to the hospital, 
was first reported at Flinders Medical Center in South Australia. Although this was not a 
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controlled study and was implemented in conjunction with the Lean concept, streaming was 
credited with dramatically reducing patient length of stay. This approach has been demonstrated 
to be most effective in EDs with high volumes of admitted patient boarding and long boarding 
times (Saghafian et al., 2012). Effective patient streaming is dependent on accurate identification 
of those patients likely to be admitted. Arya et al. (2013) conducted a retrospective chart review 
at an urban, academic medical center and developed a split ESI 3 flow model in order to separate 
the patients who were likely to be admitted from those who could be treated and released from a 
fast track area. The split ESI 3 model was then implemented and tested, resulting in a 5.9% 
decrease in the geometric mean length of stay in the ED for discharged patients (Arya et al., 
2013).  
Admission Prediction Research 
In an effort to provide safe, efficient care, the majority of EDs in the US utilize the 
Emergency Severity Index (ESI) to classify patients into one of five triage acuity categories, 
ranging from ESI Level 1-resuscitation to ESI Level 5-stable (Gilboy, Tanbe, Travers, Rosenau, 
& Eitel, 2011). Although the ESI levels separate the patients into different levels based on 
predicted acuity and utilization of resources, this system does not predict which patients are 
likely to be admitted to the hospital. Models for accurate prediction of admission at triage have 
been developed by Xie (2013) and Peck, Benneyan, Nightingale & Gaehde (2012) for real-time 
bed management. Xie applied two prediction models, a Coxian phase-type distribution and a 
logistic regression model, to retrospective data on 14,542 ED visits and reported that “in both 
models, acuity levels, mode of arrival and main reason for the visit are strong predictors of 
hospital admission” (p. 55). Peck et al. (2012) used information gathered in triage on 1,160 
patients in a Boston Veterans Administration Medical Center to test three methods of predicting 
admission; expert opinion, naïve Bayes conditional probability, and linear regression, and 
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reported that the linear regression model was the most accurate in predicting admission bed 
needs.   
Stover-Baker et al. (2012) conducted a prospective study of the triage nurses’ prediction 
of admission on 1,139 ED patients in a community hospital ED with a 28.6% inpatient admission 
rate. Triage nurses were asked to rate their confidence level in the prediction as extremely 
confident, somewhat confident, or not at all confident. Triage nurses accurately predicted 50% of 
admissions during the study. Sensitivity and specificity both increased if the nurse reported that 
they were extremely confident in their prediction. LaMantia et al. (2010) conducted a 
retrospective study of 4,873 patients over 75 years of age in the UNC ED and identified some 
admission predictors that are available at triage, including age, heart rate, diastolic blood 
pressure, ESI level, and the presence of certain chief complaints (e.g., stroke, blood in stool, and 
pneumonia). They also suggested implementation of a strategy to combine admission prediction 
with bed reservation at triage in order to expedite patient throughput.  
Admission Predictor Tool  
An interdisciplinary team of researchers at the UNC Schools of Nursing, Medicine, and 
Statistics and Operations Research, and Roundtable Analytics (Riederer, 2016; Travers, 
Mehrotra, Argon et al., 2016; Travers, Mehrotra, Chen et al., 2016,) has developed a prototype 
Admission Predictor Tool and tested it through analysis of retrospective data and cross-
validation on 65,503 ED patients at UNC Medical Center. Variables that were found to be 
potentially useful in predicting hospital admission include age, ESI Level, gender,  
co-morbidities, admission within the previous 30 days, visit to the ED within the last seven days, 
arrival mode, and arrival time (Travers, Mehrotra, Argon et al., 2016). The APT was designed to 
enable a parallel process of ED medical work up and inpatient bed request for patients identified 
as highly likely to be admitted. Cross-validation of the data set with a goal of minimizing false 
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positives (patients who were identified as admissions but were not admitted) was used to develop 
the final APT prototype. ESI level 1-3, age groups 55-70 years of age and >70 years of age, 
specific chief complaints (e.g., respiratory distress, abnormal lab test results), specific diagnosis 
groups (e.g. pancreatic cancer, congestive heart failure), and interactions between predictors 
(e.g., >70 years of age with congestive heart failure) were identified by the researchers as key 
admission predictors. The probability threshold was tested at 0.95 and 0.90 in order to determine 
the effect on the false positive rate. Prediction of a high number of false positive admission 
predictions can be a deterrent to acceptance of the tool by clinicians, therefore the team 
communicated with the UNC medical leadership team to determine what level of false positives 
would be acceptable. With the admission probability threshold for patients eligible for inpatient 
bed request after triage set conservatively at 0.95, the APT accurately predicted admission for 14 
patients per day (true positive rate), with an average false positive rate (patients who were 
predicted to be admitted, but were not admitted) of <1 patient every 2 days. A 0.90 threshold was 
also tested with a result of 19 true positives per day and 1 false positive per day. The flexibility 
of adjusting the probability threshold to 0.90 from 0.95 allowed researchers to increase the 
number of true positive admission predictions while allowing a culturally acceptable number of 
false positives (Travers, Mehrotra, Argon et al., 2016). 
The original work on the APT (APT v.1) was based on information documented in the 
medical record, and was incomplete due to the lack of a standardized list of chief complaints, 
inability to identify past medical history from the electronic record, recent hospital admissions, 
and other data potentially impacting the patient’s propensity to be admitted (Travers, Mehrotra, 
Chen et al., 2016).  A new, state of the art electronic record (Epic) was implemented at UNC 
Hospitals in 2014, after the data from the APT prototype work were collected in 2012. Data 
17 
available at triage in the new Epic system includes a standardized chief complaint list (Johns, 
2016), previous medical history auto-populated in record from prior visits and visible to the 
triage nurse, and indication of visits to any hospital on the Epic system. Table 1 lists the 67 chief 
complaints included in the APT v.1. (The APT v.2 includes the same chief complaints with the 
addition of an “other” category). Some of the chief complaints listed are actually diagnoses 
communicated from providers of transferred patients or EMS documentation. These data were 
collected from handwritten T-System documentation in the ED medical record. The research 
team recommended next steps to include further validation of the tool through testing in a real-
time setting and subsequent APT revision using higher quality data from the ED’s new EHR. 
The APT v.2 was developed based on input from the research team to include only the 
three most significant variables influencing admission. Figure 1 is a screenshot of the APT v.2 as 
it was used in this research. ESI level, Age group and presenting complaint are the three 
variables that were included in the APT v.2. This is a computer based program that includes drop 
boxes for each category. As illustrated in Figure 1, when the 3 variables are selected from the 
drop-down menus, the number of admitted patients included in the sample, total number of 
patients with matching criteria and the percent of patients admitted is displayed indicating the 
likelihood of admission of a patient with the same criteria. 
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Figure 2. APT v.2 
  
Printed with permission from Roundtable Analytics 
Simulation 
Riederer (2016) described the development and application of a simulation model based 
on the patient flow process in the UNC ED to evaluate the impact of implementing an early bed 
request process. Steps included in the simulation were arrival, triage and registration, waiting for 
an open bed, service, and boarding.  The model was constructed and run in ARENA simulation 
software based on a full year of data from the UNC ED (January 1, 2012 to December 31, 2012). 
The data set included age, gender, chief complaints, disposition decision, and key time stamps 
(e.g. arrival, initial encounter with nurse and physician, disposition time and departure time). The 
effect of an early bed request was simulated with a maximum decrease in length of stay in the 
ED of 11 minutes in a theoretically perfect scenario. Limitations of the simulation included the 
impact of patients who left without being seen, restrictions of bed assignments in certain areas of 
the hospital, and delays related to processes and events that consume provider availability. The 
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results of the simulation supported the implementation of an early bed request process (Riederer, 
2016).  
 
Table 1. APT v.1 Chief Complaints  
(Travers, Mehrotra, Chen et al., 2016) 
Abdominal pain Hypoxia 
Abdominal swelling Hypotension 
Abnormal laboratory test Jaundice 
Abnormal electrocardiogram Left hemiparesis 
Acute renal failure Left sided weakness 
Altered mental status Leg edema 
Anemia Lethargic 
Anorexia Loss of consciousness 
Atrial Fibrillation Lupus 
Back pain Overdose 
Blood in stool Palpitations 
Cancer Pancreatitis 
Chemo Pneumonia 
Chest pain Pulmonary embolus 
Chronic obstructive pulmonary disease Rapid heart rate 
Confusion Rectal bleed 
Cough Renal failure 
Coughing Respiratory distress 
Crohn’s flare Right hemiparesis 
Congestive heart failure Seizure 
Cystic fibrosis Sepsis 
Dehydration Shortness of breath 
Diabetes mellitus Slurred speech 
Diabetic Stroke 
Diabetic ketoacidosis (DKA) ST Elevation myocardial infarction 
Dialysis Syncope 
Difficulty swallowing Tachycardia 
Dyspnea Transient ischemic attack 
Facial droop Unable to walk 
Fever Vomiting blood 
Fluid retention Weakness 
Gastrointestinal bleed Wheezing 
Headache  
Hemoptysis  
High blood sugar  
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Summary- Review of Literature 
The research shows that ED crowding is a serious problem and tremendous threat to 
patient safety, and that boarding of admitted patients in the ED is a significant contributor to 
crowding. Operational initiatives such as the application of Lean strategies and patient streaming 
have improved throughput, but have not addressed the bottleneck created by boarding patients. 
Gaps in the literature include refinement of a mechanism to prospectively predict admission at 
triage that includes triage nurse observation and clinical intuition, and facilitates the 
implementation of a proactive bed reservation process. Although predicting admission at triage 
has been explored, no tools to date can be applied during the triage process and combined with 
triage nurse input to make a prospective prediction of admission. In the Stover-Baker et al., 
(2012) study, the accuracy of triage nurse predictions of admission was evaluated, but data 
nurses use to make the prediction was not explored. In the UNC studies of the APT, inclusion of 
comorbidities as variables in admission prediction was attempted but results were limited by 
poor quality data on past medical history (Travers, Mehrotra, Argon et al., 2016; Travers, 
Mehrotra, Chen et al., 2016). 
The next step in addressing this problem was to contribute to the knowledge in the 
literature by testing the APT v.2 to determine the accuracy of the tool prospectively in an 
academic setting, while evaluating the nurses’ predictions and intuition as possible enhancements 




CHAPTER 3. THEORETICAL FRAMEWORK 
Introduction 
In this chapter, I will discuss the Input-Throughput-Output Conceptual Model of ED 
Crowding (Asplin et al., 2003) that guided this research.  I will also present a modification to the 
model that addresses admission prediction to avoid prolonged boarding of patients with high 
likelihood of admission. 
Conceptual Model 
The Input-Throughput-Output Conceptual Model of ED Crowding (Figure 2) provides a 
framework for understanding systematic impacts to ED crowding and identifying opportunities 
for intervention (Asplin et al., 2003). This conceptual model addresses components of the overall 
acute care system that contribute to or are affected by emergency department crowding. These 
include ambulatory care (physician offices and ambulatory care clinics), urgent care, emergency 
departments, hospital inpatient services, and out of hospital emergency care (emergency medical 
services).   
This conceptual model has become a widely accepted paradigm for understanding the 
various causes of crowding (Bernstein et al., 2009). Schull et al. (2004) used it as a basis for the 
definition of ED crowding in their study of ED crowding and delays in thrombolysis for patients 
with acute myocardial infarctions. Pines et al. (2009) expanded on Asplin’s model in a study of 
timing of antibiotics for community acquired pneumonia and suggested a similar but simpler 
model for the impact of ED crowding on quality, and Hoot et al. (2008) used Asplin’s model as a 
prototype in the development of the “Forecast ED Model”, a conceptual model to forecast ED 
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crowding through simulation. This simulation model was applied in the adult ED of a tertiary 
care, urban, academic ED on 57,995 patients to forecast waiting and boarding times and provide 
a tool for proactively managing the problem of crowding (Hoot et al., 2008).  
 
Figure 3. Input-Throughput-Output Conceptual Model of ED Crowding  
                (Asplin et al., 2003) 
 
 
The Asplin model places the ED in the context of the entire delivery system in order to 
promote an understanding of how the ED fits in the continuum of care. Asplin et al. (2003) group 
the components into three categories related to the process of patients seeking emergency care: 
input, throughput, and output. The three interdependent constructs of the model are demand for 
care, ED throughput, and patient disposition. Several variables contribute to each construct. For 
example, the demand for care is influenced by the number and type of patients seeking care. Not 
all patients presenting to the ED for care are seriously ill or injured. Many patients go to the ED 
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because they are unable to get a timely appointment with their physician, or because of 
transportation or financial issues (Asplin et al.,2003). Similarly, patient disposition is influenced 
by the type of continuation of care that is needed and how long it takes to arrange it, whether it 
be an inpatient bed or a follow-up appointment with a primary care provider. 
The input component encompasses any “condition, event or system characteristic that 
contributes to the demand for ED services” (Asplin et al., 2003, p. 175). Predisposing factors that 
influence an individual’s health care behaviors and rationale for seeking care are divided into 
three components: Emergency Care, Unscheduled Urgent care, and Safety Net Care. Individuals 
who are seriously ill, emergently injured, or referred from medical providers will seek care in 
emergency departments. If the individual is suffering with an illness that is less emergent such as 
cold or flu symptoms, minor pain, or minor injuries, they are more likely to seek care in urgent 
care centers or walk-in physician clinics, where they expect to be treated quickly and released 
(Asplin et al., 2003). Safety net care applies to those individuals who are uninsured or Medicaid 
beneficiaries who are limited in their ability to receive care from other providers due to lack of 
ability to pay, or have access barriers such as transportation issues. Emergency services provides 
transportation to the nearest emergency department for those whose do not have access to a 
vehicle, and when all other avenues to receive care are exhausted, the ED serves as the “safety 
net” to all people needing care, regardless of ability to pay (Asplin et al., 2003).  
“Disproportionate numbers of Medicaid beneficiaries and uninsured individuals 
frequently rely on the ED as their usual source of care, often because cost or access barriers 
interfere with receiving care elsewhere” (Asplin et al., 2003, p. 176). The Affordable Care Act 
(Centers for Medicaid & Medicare Services, 2010) has provided increased access to care for 
uninsured individuals, but the general patterns of ED use have not changed due to the 
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convenience of 24/7 care and the inability of the hospitals to refuse care to individuals who 
present to the ED (Moskop, Sklar, Geiderman, Schears, & Bookman, 2009). “When all other 
options are exhausted, the ED is sometimes the only alternative for acute care” (Asplin et al., 
2003, p. 176). All of these components contribute to the overall demand for ED care construct.  
The throughput construct of the model is the focus of this analysis and includes all of the 
variables that can influence how quickly an individual is able to receive treatment after arrival to 
the ED (Asplin et al., 2003). The time of day that the patient arrives, the process of triage and 
placement into a room, the process of the diagnostic evaluation and treatment while in the ED 
and the availability of beds are all variables that contribute to the throughput construct and are 
influenced by the number of admitted patients boarding in the ED and tying up available beds. 
Wait times affect not only quality and safety of care, but patient satisfaction as well (Finamore & 
Turris, 2009).  
 The throughput construct of the model is impacted by other components of the patient 
disposition construct, including the transfer of patients to the ambulatory care system, skilled 
nursing placements, and admission to inpatient hospital beds. If ED caregivers are unable to 
arrange referral for appropriate follow up, physicians may choose to admit patients to ensure that 
the patient receives the care they need. Transfers to skilled nursing facilities and referral 
hospitals can be time consuming to arrange, and can lead to patients being held for hours while 
arrangements are made. Some transfers are time sensitive, and depending on time of day, 
patients may have to remain in the ED overnight before the accepting facility is willing to allow 
the patient to be admitted. Psychiatric patient placements are especially challenging due to the 
limited number of psychiatric beds, causing patients to remain in the ED for days while awaiting 
placement. (Nicks & Manthey, 2012). The lack of available beds in the hospital inpatient units or 
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for external transfers contribute to the bottleneck in the ED created by beds being occupied. 
Patients becoming frustrated with wait times and leaving before treatment is complete usually 
leads to their returning to the ED when the condition worsens, thus impacting the crowding twice 
(Asplin et al., 2003). 
There are also moderators identified in the model that directly impact the constructs, such 
as the lack of available inpatient beds. This interferes with the patient disposition process and 
creates the necessity to board patients in the ED until beds are available.  Lack of access to 
follow up care is identified as another moderator that impacts patient disposition and causes 
patients to return to the ED for follow up care (Asplin et al., 2003).  
Lack of available staffed inpatient beds is a moderator that negatively impacts the 
throughput process by creating the need to hold patients in the ED. It is not only a patient safety 
and satisfaction concern, but also has tremendous financial implications in lost opportunity for 
treating more emergency patients. Ensuring adequate staffing and creating efficient patient flow 
throughout the admission process is a challenge for administrators that will generate considerable 
return on investment in the areas of patient satisfaction, quality of care and finances (Bayley et 
al., 2005). 
Modified Conceptual Model 
Figure 4 shows a modified version of Asplin’s Input-Throughput-Output model. Surges 
in patient volumes and shortages of available medical providers are moderators illustrated in the 
modified model that can impact the ED throughput process by increasing the demand for care. 
The modified model also illustrates the implementation of the Admission Predictor Tool (APT) 
and a proactive bed reservation at triage (BeRT) process as an intervention that can improve 
patient flow during the throughput process. This proposed process can take place simultaneously 
with diagnostic evaluation and treatment in the ED and expedite patient disposition from the ED.  
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Figure 4. Modified Input-Throughput-Output Conceptual Model of ED Crowding  
 
 
In order to impact the issue of crowding due to boarding patients in the ED, processes 
that address the patient disposition component, specifically the bed placement issue, need to be 
implemented. Identification of patients who are likely to be admitted at the point of triage would 
allow staff to reserve a bed, or in the case of transfers to skilled nursing, allow for conversations 
to be initiated with the facilities. This could change the dynamic of assigning inpatient beds and 
allow enough time for beds to be ready when the patient is ready to move out of the ED. 
Identification of patients likely to be admitted during triage also allows patient streaming which 
will affect the triage and room placement components. This would be initiated during the triage 
process, so it could affect the depth of information needed at triage, but would not affect the 
patient arrival component. Diagnostic evaluation and treatment may be expedited if patient 
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streaming is used to proactively provide expedited ancillary services and treatment by 
established protocols once the likelihood for admission is determined. The implementation of 
this intervention begins in the throughput construct of the model during patient triage and room 
placement, and potentially impacts diagnostic evaluation and treatment, and eliminates or 
decreases time spent boarding while waiting for a bed. 
Variables 
Variables relevant to this study include:  
• Age 
• Arrival mode 
• Gender 
• Chief complaint(s) 
• ESI level 
• Past medical history 
• Current medications 
• Disposition of patient from ED 
• Hospitalization within previous 30 days 
• Visit to ED within previous 7 days 
• Timestamps: 
• date and time of arrival 
• time patient starts triage process 
• time patient is registered in the ED 
• time of completion of triage 
• time questions were answered by the triage nurse 
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• time patient exits the ED 
The number of patients in the ED at time of arrival, mode of arrival and day of the week 
define the demand for care (Asplin et al., 2003). The demand for care directly influences the 
ability for staff to evaluate and treat all patients (Olshaker, 2009). The ED capacity is impacted 
by the number of patients boarding in the ED which has been shown to be a significant factor in 
patient throughput (Xie, 2013). Triage category, prediction of admission, time to patient triage, 
time to admission to the ED, time to placement in an ED bed, time to an encounter with a nurse, 
time to an encounter with a medical provider, time from arrival to decision to admit, time from 
decision to admit to transfer to an inpatient bed are components of the throughput construct. 
Time of completion of triage and time of triage nurse questions are measured in this study to 
identify any potential bias associated with time delay between assessing the patient and 
predicting admission. 
It is important for all variables to be analyzed in order to determine how overall 
throughput in the ED is impacted by each variable and to determine the exponential impact the 
determination of admission at triage will have (Sun, Heng, Tay, & Seow, 2011). Disposition and 
type of bed (e.g., Intensive Care Unit, Cardiac Care Units, or other specialty units) needed are 
important components of the patient disposition construct that influence how quickly a patient 
can be moved out of the ED. For admitted patients, it is also important to analyze the types of 
beds needed that lead to delays in transfer out of the ED in order to determine the need for the 
development of temporary holding units and other options (Cowan & Trzeciak, 2004).   
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CHAPTER 4. SPECIFIC AIMS AND RESEARCH METHODS 
Introduction 
In this chapter I will describe the Specific Aims of the proposed study and discuss the 
approach to conducting the research including setting, sample size, procedures for data 
collection, data management and analysis. I will also discuss risks to human subjects and 
limitations of the study. 
One way to address the issue of decreased access due to ED crowding is to improve 
throughput, through early determination of the need for admission and implementation of 
operational improvements to facilitate expedited placement in an inpatient bed. The purpose of 
this research was to apply the APT v.2 in an academic setting, evaluate the use of the tool 
prospectively, and gather triage nurse input regarding objective and intuitive assessment 
parameters that nurses use to predict admission. The research addressed one aspect of the larger 
research initiative to develop and evaluate the ED Admission Predictor Tool by testing the  
APT v.2 prospectively and identifying other data available to triage nurses that could be included 
in future versions of the APT.  
The specific aims of this research were: 
1. Evaluate the accuracy of the APT v.2 in predicting admission in a prospective study and 
compare it to triage nurse predictions of admission. 
2. Identify additional data/observations available to triage nurses that can enhance accurate 
prediction of patient admission, leading to further refinement of the APT.  
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Design 
In this prospective observational study, I evaluated the accuracy of the APT v.2 during 
triage in the UNC Medical Center ED, and identified additional data available to triage nurses to 
enhance accurate admission prediction.  To our knowledge, we were the first to prospectively 
test APT v.2 on actual patients. Previous evaluations of the APT were done in a laboratory 
setting through simulation (Riederer, 2016; Travers, Mehrotra, Chen et al., 2016; Travers, 
Mehrotra, Argon et al., 2016). The rationale for conducting this study was to provide the 
developers of the tool insight into which predictors should remain as part of the tool and which 
may need to be excluded based on lack of correlation with actual admission. Triage nurse input 
was solicited regarding any information available to the nurse at triage that would be important 
in predicting admission accurately. 
Setting 
The study was conducted at the UNC Medical Center in Chapel Hill, NC, an academic, 
tertiary care medical center, with designation as a Level I Trauma Center and Stroke Center. 
UNC Medical Center’s ED has over 80,000 ED visits per year, and currently uses Epic, an 
electronic health record (EHR) to document care of all patients.  At the UNC Medical Center, 
28% of ED patients are admitted and 55% of inpatient admissions come from the ED. Of the 
approximately 150 nurses who work in the UNC ED, 40 nurses are approved to triage patients. 
These nurses have a minimum two years of ED experience and have received education specific 
to assigning ESI levels and triage assessment.  They have also been mentored in actual patient 
triages by an experienced triage nurse.  
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Sample 
This research included two types of samples, a patient sample and a triage nurse sample. 
The following sections provide details on the specifics of each sample.  
Patient Sample 
  Inclusion criteria for the study were: patients who had chief complaints that were 
included in the APT v.2 database (Table 1) and presented to the ED during the time when I was 
present to collect data. Patients who met the APT v.2 threshold for admission of 0.90 were 
included as patients predicted to be admitted. This convenience sample was enrolled during the 
highest ED volume times of day in an attempt to get a representative sample. Though not all 
hours of the day or days of the week were represented in the sample, I enrolled patients between 
9 am and 11 pm, on all days of the week except Thursday.  
Exclusion criteria for the study were: patients who were transferred from another hospital 
for admission, required resuscitation on arrival, women in active labor, patients presenting with a 
psychiatric chief complaint, and those with surgical complaints (injury or post-operative 
complication). These patients were excluded because admission decisions may be predetermined 
(e.g., transfer), or because bed availability/procurement is substantially different (e.g., 
psychiatric or surgical patients). Those who left without being seen by a provider (LWBS) were 
also excluded due to the inability to determine an actual admission decision.  
Nurse Sample  
Triage nurses who were on duty when I was present to collect data and agreed to 
participate in the study, were included. Consent forms for inclusion in the study were obtained 
prior to triage nurse participation. Variation in triage nursing assessment was addressed by 
including limiting the patient sample to a maximum of 15 patients per nurse.  Nurses who agreed 
to participate were asked at the beginning of the observation period to provide their years of 
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experience as a nurse, years of experience as a triage nurse and whether or not they are certified 
as an Emergency Nurse (CEN). 
Specific Aims and Research Methods 
In this section, I will describe each specific aim and discuss how it fits in the proposal 
and the larger research project, and the procedures for data collection and management. 
Specific Aim 1: Evaluate the Accuracy of the APT V.2 in Predicting Admission in a 
Prospective Study and Compare it to Triage Nurse Predictions of Admission. 
Hypothesis: The APT v.2 will predict admission as accurately as nurses when applied 
prospectively. 
In order to determine the accuracy of the APT v.2 in predicting admission at triage, the 
APT v2 prediction for all included patients was compared to the actual disposition. Admission 
prediction from the triage nurses was also included to be compared to the APT v.2 prediction. 
In this study, I conducted a prospective evaluation of the APT v.2.  The accuracy of the 
APT v.2 prediction and triage nurse predictions (yes-admit, no-don’t admit) were measured by 
comparing each to the gold standard which is whether or not the patient was actually admitted. 
The aim was to compare the predictions and determine the accuracy of the APT independently, 
the accuracy of the triage nurse prediction independently, and determine if the combination of 
the two increases the accuracy of the prediction.  Given that previous research (Stover-Baker et 
al., 2012) found that as triage nurses’ confidence in their admission prediction increased, the 
accuracy of the prediction also increased, I also asked the triage nurses for their level of 
confidence in their decision on a scale of 0-10 and compared this to the accuracy of their 
admission prediction.  
For the APT v.2 study, the research collaborators from the UNC Hospitals ED leadership 
team initially selected an admission probability threshold of 0.90, so ED visits with an APT v.2 
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admission probability of 0.90 or greater was flagged as yes-admit. However, during the first few 
days of data collection, I found that very few patients met the criteria of 0.90 or higher APT v.2 
prediction of admission. In consultation with the research team, we subsequently lowered the 
threshold to 0.75.  By lowering the threshold, I was able to improve enrollment.  The risk of the 
lower threshold was a potential increase in false positive rate (patients predicted for hospital 
admission who were in fact discharged home from the ED) and increase in true positive rate 
(patients accurately predicted for admission). In order to evaluate the effect of different APT 
thresholds, I collected data on the percent likelihood of admission per the APT v.2 (e.g., the  
APT v.2 predicted that the patient was 0.71 or 0.92 likely to be admitted) (Travers, Mehrotra, 
Chen et al., 2016).   
Procedures for Data Collection-  Specific Aim 1 
After explaining the purpose of the study, and obtaining written consent from the triage 
nurse to participate in the study, I accessed the APT v.2 on a laptop computer as I observed the 
triage assessment of the patient by the triage nurse. I observed the encounter and recorded all 
APT v.2 variables that have been identified as admission predictors (e.g., chief complaint, age, 
gender, time of arrival, and ESI level) on the APT Study Data Collection Tool (Appendix C). 
The computer-based APT v.2 application was then used to calculate an admission probability 
from 0.0-1.0.  If the probability met or exceeded the chosen threshold the APT prediction was 
noted as “admit”. The APT v.2 decision was recorded on the data collection tool, and validation 
of the actual disposition was retrieved from the medical record during the retrospective medical 
record review for comparison to the APT v.2 prediction.  
Each patient screened with the APT v.2 was assigned a study ID (e.g., 01, 02, etc.) and 
listed on the confidential paper APT Study Log (Appendix D) with the visit date, time of arrival, 
ESI level, inclusion/exclusion status, reason for exclusion (if applicable), their name and medical 
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record number, age, and study ID number. For enrolled cases, data collection forms include only 
the study ID (no patient identifiers) as well as pertinent information from the APT v.2 (e.g., chief 
complaint, comorbidities, gender, age, ESI level, disposition and time of arrival), and triage 
nurse questions. Patients identified as meeting the APT v.2 threshold for admission probability 
were approached after triage was complete to inform them of the study and ask for permission to 
access their medical record at a later time to determine any factors that influenced whether they 
were admitted or not. Patients who agreed to participate were asked to sign a HIPAA 
Authorization for Use and Disclosure of Health Information for Research Purposes (Appendix E) 
and given an Information about a Research Study Fact Sheet (Appendix F).  The Data Collection 
Form and APT Study Log were adapted from forms used in previous triage studies (Travers, 
Waller, Katznelson, & Agans, 2009). 
Analysis 
Preliminary cleaning of data was conducted to identify any missing data. Records with 
missing relevant data were reviewed for the recovery of as much missing data as possible. 
Records were assessed periodically throughout the triage observation process and data collection 
adjusted as necessary in order to ensure that the sample included at least 50 admitted patients 
with complete records. Records that had missing required data elements were eliminated from 
the study sample.  
Data analysis was performed using SAS version 9.4 software (SAS Institute, Cary, NC). 
An initial descriptive analysis of variables was conducted including the number and percentage 
of patients admitted, age ranges, ESI levels, and chief complaints. Additional comparison of key 
variables such as the number of patients accurately predicted for admission by the APT v.2, the 
triage nurse independently, the combination of the APT v.2 and the nurse, and the nurse’s 
confidence level for accurate and inaccurate predictions was conducted. I then compared the 
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predictions of the APT v.2, nurse, and APT v.2 plus nurse (when they were in agreement) to the 
gold standard of the patient actually being admitted as illustrated in Table 2.   
 
Table 2. Comparison of Predictions to Gold Standard (Admission Yes/No)  
 Patient Admitted Patient Not Admitted 
APT predicts Admit   
APT predicts Not Admit   
Nurse predicts Admit   
Nurse predicts Not Admit   
Nurse and APT predict Admit 
(independently) 
  




The data listed in Table 2 were used to calculate sensitivity, specificity, positive 
predictive value, and negative predictive value. Sensitivity is defined as the proportion of 
positive individuals or cases (to-be-admitted patients) that are correctly identified as such and 
specificity is defined as the proportion of negative predictions that are identified as such. The 
positive predictive value (PPV) is the proportion of individuals identified as positive by the 
classification method or test that truly are positive (as compared to the gold standard, the patient 
being actually admitted), while the negative predictive value (NPV) is the proportion of 
individuals who are identified as negative (do not admit) that are truly negative (the patient was 
not actually admitted). Accuracy is defined as the proportion of predictions for which the gold 
standard is met.  
The Chi-square test for independence indicates whether two variables are independent. A 
positive statistic (and subsequent significant p-value) provides evidence to reject the null 
hypothesis that the two variables are independent. Therefore, a positive Chi-square test statistic 
provides evidence of an association between the two variables in question. In this analysis, a 
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Chi-square value of >3.84 indicates that this association did not occur by chance. The higher the 
Chi-square value, the greater the association between the two variables.  The p-value indicates 
the probability of occurrence of the event (in this case, admission), the smaller the p-value, the 
more significant the results. A p-value of <0.05 indicates that the null hypothesis should be 
rejected and conclusion made that a significant difference does exist between the variables. The 
probability threshold was initially evaluated at 0.90 based on input from the ED leadership 
consultants on the team and consistency with the minimum threshold used to run the simulation 
testing for the APT v.2, then lowered to 0.75 in order to increase the volume of patients included.  
Specific Aim 2: Identify Additional Data Available to Triage Nurses that can Enhance 
Accurate Prediction of Patient Admission Leading to Further Refinement of the APT. 
Hypothesis: Nurses have access to data at triage that can be incorporated into future versions of 
the APT. 
Additional clinical observations by the triage nurses, as well as other data obtained from 
the EHR such as medical history, medications, and the history of the present illness collected on 
patients at triage by nurses was identified through observation of the triage process and 
information collected from triage nurses. Data available in the Epic system, including a 
standardized chief complaint list, medical history, previous hospitalizations, ED visits and 
surgery, and medications allows the triage nurse access to much more information to base a 
prediction of admission on than the information available from the previous EHR when the APT 
was first developed. The improved access to this information can inform not only the nurse, but 
can also be integrated into future versions of the APT.   More accurate information could result 
in less false positive results, having an opposite effect on the true positive results, and allow 
more flexibility in setting the prediction threshold. 
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This research aims to combine the data driven APT v.2 predictions and the triage nurses’ 
knowledge and intuition, in order to provide the research team input on how future versions of 
the APT can be optimized. Input from triage nurses was used to identify parameters of the 
assessment that are not currently available in the medical record, such as “the patient just doesn’t 
look right”, and assess if they were recorded in the medical record in narrative documentation or 
other areas.   
Procedures for Data Collection- Specific Aim 2 
In preparation for this research, I conducted pre-study observation in triage and observed 
admission processes in the UNC ED for 60 hours, including observation with the Medical 
Admission Officer, House Supervisor, ED Medical Director and numerous triage nurses. During 
this observation, I conversed with the nurses about the possibility of this research and the 
logistics of data collection, and proposed the questions that the nurses would be asked. The triage 
nurses were able to quickly answer the questions without disrupting triage flow.   
Prior to enrolling patients in this study, I had to get consent to observe the triage process 
from the triage nurses who would be completing the triage assessments.  In order to obtain 
consent from the nurses, in collaboration with the ED Nurse Manger, I attended staff meetings to 
explain the research and solicit voluntary participants who would complete a consent to 
participate form (Appendix B). Triage nurses who did not attend the staff meeting, but were 
willing to participate after the research was explained to them completed the consent form 
immediately prior to the triage observation process. All data are reported in aggregate form; no 
individual nurse data were shared with management or reported. 
To address Specific Aim 2, I gathered information from the triage nurses during and after 
each triage encounter.  As soon as possible after the triage process was complete and the patient 
was no longer present at triage, I asked the triage nurse to predict whether or not the patient 
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would be admitted.  These data were collected at a time that did not disrupt the flow of other 
triage patients. The time between the end of triage and the beginning of asking the triage nurse 
questions was calculated in order to determine if recall bias was a factor.  The triage nurse 
admission prediction (“yes admit/no”) was recorded on the data collection form, and the nurse 
was also asked to rate their confidence in their decision on a scale of 0-10, with 10 being the 
highest level of confidence, and 0 being no confidence. Triage nurses who answered yes to the 
admit yes/no question were asked what specific patient information contributed to their 
admission decision prediction (e.g., delayed capillary refill and past medical history), and what 
additional factors they find useful in predicting patient admission.  Examples of possible factors 
include specific past medical history and previous surgery or procedures. The nurses described 
their intuitive impression, such as a general feeling that the “patient doesn’t look right” or due to 
comorbidities. I documented this and attempted to elicit any discrete information to support such 
impressions, such as observations like pallor or thready pulse. These interviews were conducted 
as soon as possible after the patient left the room in order to prevent recall bias due to a lapse in 
time between the triage time and the interview.  
 A list of triage nurse ID numbers, CEN certification, years of nursing experience, years 
of triage experience, time between triage and the nurse interview, and number of observations 
per nurse was recorded on the Triage Observation List (Appendix G) to gather demographic data 
for comparison and to ensure that the maximum number of 10 observations per nurse was not 
exceeded. Data collection was done at the beginning of the triage nurse shift and the consent 
form was completed before any observation was done. This list was destroyed after study 




Data from the triage nurses were reviewed for consistency, trends and saturation of 
information.  The Epic electronic health record for each patient was searched in order to identify 
data factors in the triage assessment, past medical history, and narrative notes that were available 
to the nurses at the time of triage. Data identified by nurses as factors contributing to accurate 
admission prediction, that are a part of the Epic medical record at triage were summarized  
(Table 3). The list of factors was compared to the current list of predictors in the APT v.2, and 
may inform the inclusion of more data elements in future versions of the APT. 
Data Security 
I entered data from the data collection forms into secure, password-protected electronic 
files on a secure research workplace server managed by the School of Nursing’s IT service. No 
protected health information was entered into the electronic data files; the files contain only the 
study ID.  The paper APT Study Log, Triage Nurse Observation List and data collection forms 
were stored in a locked file in a locked research room at the UNC School of Nursing, where data 
entry took place. 
Risks to Human Subjects 
This study was submitted to the Office of Human Research Ethics at the University of 
North Carolina at Chapel Hill, for review by the Institutional Review Board (IRB) and approved. 
It was also approved by the UNC Hospitals Nursing Research Council.  
Patients 
This study involved minimal risk to patient safety due to the lack of direct intervention 
with patients. One potential psychological risk to human subjects in this study is breach of 
confidentiality related to security of the medical record. Breach of confidentiality could cause 
emotional distress to patients and loss of confidence in the UNC Health System. The following 
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measures were taken to ensure that confidentiality was maintained: placing the study log in a 
locked file cabinet, and locking the data collection forms (containing only study identification 
numbers) in a separate locked file in a separate locked office in the School of Nursing. 
Additionally, no patient identifiers were entered into the study database, and the electronic study 
database was stored in a password-protected, file in a secure workspace on a secure server.  After 
all analysis had been completed, paper data forms were placed in secure bins for shredding and 
disposal. No social, economic, legal or physical risks of harm to the participants were expected, 
since I observed the triage nurse/patient encounter, but did not intervene with the patient’s 
assessment or treatment.  
Nurses 
This study involved minimal risk to participating nurses. Potential psychological risk to 
nurses was the fear of being evaluated on the triage process or accuracy of the admission 
prediction, and the threat to job security based on their performance. Nurses were assured that no 
personal identifying data were collected, and that no individual data were reported to 
management or anyone else. All reporting of results is done in aggregate only. 
Orientation to the study was done by the researcher at staff meetings and with each triage 
nurse before observation began on each triage nurse shift. When explaining the study to the 
nurses, I asked them if they were willing to participate, but told them that it was not required. If 
the nurse agreed to participate, an IRB approved consent form was completed and signed by the 
nurse.  If they declined, I did not observe that triage encounter or ask the nurse any questions. 
When describing the study purpose to nurses, I informed them that this study is part of a larger 
research initiative to develop a tool that will predict admission at triage and eventually be used as 
part of a process to initiate inpatient bed reservations at triage to expedite patient flow through 
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the ED. I also told them that I would be testing version 2 of the tool (APT v.2), and that I would 
like to learn which patients they identified as needing admission and why.  
Summary 
The methods used to address the specific aims of this research included data gathered 
during and after observation of the triage process in the UNC ED during March through July, 
2017, as well as retrospective review of electronic health records. This was a prospective 
evaluation of the accuracy of the APT v.2 in predicting admission and assessment of information 
available at triage that could be included in future versions of the APT. The accuracy of the APT 
v.2 and triage nurse predictions as well as the accuracy when both the nurse and APT v.2 were in 
agreement were compared to the gold standard. Triage nurse insight into the probability of 
admission and factors that influenced their prediction to admit were assessed through questions 
asked immediately after triage. The results and analysis are discussed in detail in Chapter 5. 
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CHAPTER 5. RESULTS 
Introduction 
 The purpose of this study was to evaluate the application of the APT v.2 prospectively 
and identify opportunities for improvement of the tool in order to most accurately predict which 
patients will be admitted, based on information known at the time of triage. In this chapter I 
present the results of the study, including descriptions of the patient and nurse samples, analyses 
of the accuracy of APT v.2 and triage nurses’ admission predictions, and analysis of data that is 
available to triage nurses that could enhance the accuracy of the APT’s prediction of admission.  
Study Samples 
Patient Sample 
The final study sample included 169 patients who visited the University of North 
Carolina Medical Center ED between March 19, 2017 and July 19, 2017 and met study inclusion 
criteria. Based on current patient flow data, an estimated 475 patients presented to the ED during 
the data collection period. Approximately 306 were excluded due to presenting with non-medical 
(behavioral health, surgical or obstetrical) chief complaints or arrival during the time that 
observation of another patient was in process, and 169 were enrolled in the study. Data collection 
occurred during observations of nurse-patient triage encounters and through subsequent review 
of those admitted patients’ electronic health records. The convenience sample included patients 
who presented on Sunday, Monday, Tuesday, Wednesday, Friday and Saturday between the 
hours of 10 am and 11pm. Of the 169 patients enrolled in the study, 52 (31%) were admitted and 
117 were discharged. The median age of the admitted patients was 58, with a range from 10 
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weeks to 80 years of age, while the median age of the non-admitted patients was 38 with a range 
from 7 days to 95 years of age. The gender ratio for admitted patients was 55% male to 45% 
female, and 39% male to 61% female among the non-admitted patients. Table 3 presents a 
comparison of the admission rates by age category. The Chi square value of 13.34 and p-value of 
0.0003 provide evidence of an association between admission and age. 
 
Table 3. Admission Rates by Age Category 
Age Admitted Not Admitted Total 
< 55 21 (20%) 82 (80%) 103 
> 55 31 (47%) 35 (53%) 6 





The Emergency Severity Index (ESI) is used at triage to determine the level of acuity of a 
patient. A score is assigned from 1-5 with ESI-1being the most acute (needs resuscitation) to ESI 
5 being the least acute (stable). ESI levels averaged 2.55 in the admitted group and 3.39 in the 
non-admitted group.  Table 4 presents a comparison of the admission rates by triage acuity 
levels. ESI levels 1 and 2 were combined due to the low volume of patients in level 1. ESI levels 
4 and 5 were also combined due to the low number of patients in level 5. The Chi square value of 
63.56 and significant p-value of <0.0001 provide evidence of an association between admission 




Table 4. Admission Rates by Acuity level 
Emergency Severity Index (ESI) Admitted Not Admitted Total 
1-2 26 (93%) 2 (7%) 28 
3 22 (23%) 74 (77%) 96 
4-5 4 (9%) 41 (91%) 45 
Total 52 117 169 





The most common chief complaints for admitted versus non-admitted patients are listed 
in Table 5. Admitted patients included those who were placed in observation or inpatient beds. 
The most frequent chief complaint was abdominal pain (n=13) in the admitted group and back 




Table 5. Most Common Chief Complaints- Admitted vs Not Admitted Patients (N=169) 
Admitted 
N=52 




Abdominal Pain 13 (25%) Back Pain 10 (9%) 
Chest Pain   9 (17%) Abdominal Pain   8 (8%) 
Shortness of Breath   7 (7%) Headache   7 (6%) 
Rectal Bleeding   2 (4%) Chest Pain   7 (6%) 
Fever/immunocompromised   2 (4%) Cough   6 (5%) 
ST-Segment Elevation Myocardial Infarction   2 (4%) Leg Pain   6 (5%) 
Chief Complaints with 1 occurrence 17 (33%) Dehydration   3 (3%) 
  Shortness of Breath   3 (3%) 
  Vaginal Bleeding   3 (3%) 
  Vomiting   3 (3%) 
  Dizziness   2 (2%) 
  Epistaxis   2 (2%) 
  Fever   2 (2%) 
  Loss of 
Consciousness 
  2 (2%) 
  Neck Pain   2 (2%) 
  Rash   2 (2%) 
  Toothache   2 (2%) 
  Weakness   2 (2%) 
  Chief Complaints 




 During the data collection, I noted that the chief complaint category in the APT v.2 
(n=68) was much more limited than those in the Epic system (n=831). After consultation with 
my dissertation chair I made judgements about using a synonymous chief complaint from the 
APT v.2 or I used the “other” chief complaint category. If the chief complaint could be matched 
with a synonym in the APT v.2 (e.g., dyspnea for shortness of breath) then I used the 
synonymous APT v.2 chief complaint. I used the “other” category when the nurse-entered chief 
complaint did not match or have a synonym in the APT v.2. Table 6 lists the chief complaints for 
which the other category was used.   
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Table 6. Chief Complaints Categorized as Other Using APT v.2 (N=57) 
Admitted (N=8) N (%) Not Admitted (N=49) N (%) 
Abscess/pain 1 (2%) Dizziness 2 (2%) 
Alcohol Withdrawal 1 (2%) Epistaxis 2 (2%) 
Dysuria 1 (2%) Fall 2 (2%) 
Fall 1 (2%) Leg pain 2 (2%) 
Infected port 1 (2%) Neck pain 2 (2%) 
Pain/swelling Left arm  1 (2%) Rash 2 (2%) 
Seizures 1 (2%) Toothache 2 (2%) 
Wound Infection (complicated) 1 (2%) Vaginal Bleeding 2 (2%) 
  Vomiting/rash 2 (2%) 
  Alcohol Intoxication 1 (1%) 
  Allergic reaction 1 (1%) 
  Arm swelling 1 (1%) 
  B/P evaluation 1 (1%) 
  Blood in diaper 1 (1%) 
  Blood in urine 1 (1%) 
  Cold like symptoms 1 (1%) 
  Congestion 1 (1%) 
  Detox evaluation 1 (1%) 
  Draining wound 1 (1%) 
  Eye pain 1 (1%) 
  Eye problem/Optic Nerve swelling 1 (1%) 
  Feeding tube dislodged 1 (1%) 
  Groin pain 1 (1%) 
  Gum pain 1 (1%) 
  I&D re-evaluation 1 (1%) 
  Left knee pain 1 (1%) 
  Left testicular pain 1 (1%) 
  Loss of consciousness 1 (1%) 
  Pain Right knee 1 (1%) 
  Pain Right leg 1 (1%) 
  Painful urination 1 (1%) 
  Redness at injection site 1 (1%) 
  Right arm numbness 1 (1%) 
  Scrotal swelling 1 (1%) 
  Shoulder pain 1 (1%) 
  Tick bite/abscess 1 (1%) 
  Toe pain 1 (1%) 
  Umbilical granuloma 1 (1%) 
  Vision impaired 1 (1%) 





 The 25 triage nurses who participated in the study had an average of 7.4 years of nursing 
experience and 6 years of ED triage experience. Six of the nurses had less than one year of triage 
experience and three had 10 or more years of triage experience.  Nineteen of the nurses (76%) 
had one to five years of triage experience, and 9 (36%) were Certified Emergency Nurses (CEN). 
The average number of triage observations per nurse was 6.5. I purposefully limited the 
maximum number of observations per nurse to 10 to distribute the observations among more 
nurses. Further detail of the demographics of the nurse sample is presented in Table 7. 
 
Table 7. Nurse Sample Demographics (N=25) 
 Nursing Experience CEN 
Triage 
Experience 
Years Experience N % N % N % 
1 year or less 0 0% 0 0% 8 32% 
2-5 years 14 56% 5 20% 11 44% 
6-10 years 8 32% 3 12% 4 16% 
>10 years 3 12% 1 4% 2 8% 
 
 
After triage was completed and the patient left the room, I asked the nurse whether they 
predicted admission or not. If they predicted that the patient would be admitted, I asked them 
what factors influenced them to predict that the patient would be admitted. One concern was the 
possibility of recall bias based on delay between the time that the patient left and the time that 
the questions were asked. Therefore, for each enrolled patient, I recorded the time from the end 
of triage to the time I discussed admission prediction with the nurse. The average delay between 
the end of triage and the nurse questions was less than one minute. Of the 169 triage 
observations, 148 predictions were made within one minute after triage with an accuracy rate of 
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80%, and 22 were reported after 2-11 minutes, with an accuracy rate of 77%. Only one of the 
four nurses whose prediction was delayed over five minutes inaccurately predicted admission. 
Specific Aim 1: Analysis of Accuracy of APT v.2 and Triage Nurse Predictions 
To address Specific Aim 1, the accuracy of the APT v.2, the triage nurse, and the 
combination of both the nurse and the APT v.2 were calculated. The combined Nurse and APT 
v.2 calculation was based on patients for whom the APT v.2 and nurse made the same prediction 
independently.  I calculated the accuracy rates by comparing the results of each admission 
prediction to the gold standard (whether or not the patient was actually admitted). The overall 
accuracy of the APT v.2 in predicting either admission or non-admission in this sample was 
80%, the same as the nurses’ accuracy. The certified nurses had an accuracy rate of 94% in 
predicting the admitted patients, with an overall accuracy rate of 81%. The nurses who were not 
certified correctly predicted the admitted patients 79% of the time, and had an overall accuracy 
rate of 75%. 
When triage nursing experience was considered, nurses with 6-10 years of experience 
were slightly more accurate (85.71% versus 85.48%) as compared to nurses with 2-5 years of 









During the discussion with the nurses after triage, they were asked to rank their level of 
confidence in their decision to admit on a scale of 0-10, with 0 being no confidence and 10 being 
complete confidence. Average confidence levels were calculated for each nurse and compared to 
their accuracy in predicting the admission decision. Nurses who reported higher confidence 
levels also had higher accuracy rates. Each data point on the graph represents the accuracy and 
confidence level of one triage nurse. Figure 6 illustrates the positive correlation of accuracy with 
































The statistical analysis was completed using SAS version 9.4 (SAS Institute Cary, NC) 
including sensitivity, specificity, positive predictive value (PPV), and negative predictive value 
(NPV). Table 8 presents definitions and examples of the application of these terms in this study. 
Binary tests in medical research attempt to identify the case or positive disease state. In this 
context, the “positive” is a patient who is admitted, whom the APT is attempting to identify at 























Confidence Level Linear (Confidence Level)
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Table 8. Definitions of Analysis Metrics 
Metric Definition Contextual Interpretation 
Sensitivity  The proportion of positives 
that are correctly identified as 
such 
In this case, a "positive" is a 
to-be-admitted patient, so this 
measures what proportion of 
to-be-admitted patient the 
APT correctly identifies at 
triage 
Specificity The proportion of negatives 
that are correctly identified as 
such 
In this case a “negative” is a 
patient who is identified as 
not-to-be-admitted 
(discharged), so this measures 
what proportion of the not-to-
be-admitted patients the APT 
correctly identifies at triage 
PPV The proportion of individuals 
identified as positive by the 
classification method or test 
that truly are positive  
The proportion of patients the 
APT predicts will be admitted 
who actually get admitted 
NPV The proportion of individuals 
identified as negative by the 
classification method or test 
that are truly negative 
The proportion of patients the 
APT predicts will not be 




The results of the analysis of the comparisons to the gold standard are presented in Tables 
9-12. Table 9 presents the sensitivity and specificity of the APT v.2 in predicting admission. In 
Table 10 is the analysis of the sensitivity and specificity of the nurse prediction of admission. 
The analysis of the admission outcomes when the APT v.2 and the nurse independently agreed 
on a prediction of admission is provided in Table 11, and Table12 shows the sensitivity and 





Table 9. APT v.2 Accuracy in Predicting Admission  
 Gold Standard (actual patient disposition) 
APT v.2 
Prediction 
 Admit Not Admit Total 
Admit 23 (44%) 5 (4%) 28 
Not Admit 29 (56%) 112 (96%) 141 
Total 52 117 169 
Chi square= 45.11 






The Chi square value of 45.11 and significant p-value of <0.0001 provide evidence of an 
association between admission rate and APT v.2 prediction. 
 
 
Table 10. Nurse Accuracy in Predicting Admission 
 Gold Standard (actual patient disposition) 
Nurse 
Prediction 
 Admit Not Admit Total 
Admit 42 (81%) 23 (20%) 65 
Not Admit 10 (19%) 94 (80%) 104 
Total 52 117 169 
Chi square= 56.80 






The Chi square value of 56.80 and significant p-value of <0.0001 provide evidence of an 
association between admission rate and nurse prediction.  
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Table 11. Combined APT v.2 and Nurse Accuracy in Predicting Admission 




 Admit Not Admit Total 




30 (58%) 114 (97%) 144 
Total 52 117 169 
Chi square= 45.11 






The Chi square value of 45.11 and significant p-value of <0.0001 provide evidence of an 
association between admission rate and combined APT v.2 and nurse prediction. 
 
 
Table 12. Combined APT v.2 and Nurse Accuracy in Predicting Discharge 




 Admit Not Admit Total 




25 (21%) 43 (83%) 68 
Total 117 52 169 
Chi square= 56.30 






The Chi square value of 56.30 and significant p-value of <0.0001 provide evidence of an 
association between the combined APT v.2 and nurse prediction and discharge. 
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Specific Aim 2: Analysis of Data Available to Triage Nurses that Could Enhance Admission 
Prediction 
To address Specific Aim 2, I identified additional data that are accessible to triage nurses 
that could enhance accurate prediction of patient admission. I collected these data through 
observation of the nurses as they entered pertinent information into the EHR during the triage 
assessment, by asking the nurses to identify the factors that influenced them to predict admission, 
and through retrospective chart review of documentation. 
During the triage assessment process, the nurse gathers data through observation and 
intuition to determine the ESI triage acuity rating and whether or not it is safe for the patient to 
wait in the waiting room for a period of time before being seen in the treatment area.  In this 
study, I sought to identify potential data from the triage assessment that could contribute to 
accuracy in prediction of admission in addition to the variables that the APT v.2 measures.    
I observed that during the triage process, nurses have access to any data in the Epic EHR 
that has been entered during previous visits, including diagnostic testing, history and physical, 
and treatment. The list of comorbidities and medications are updated with each encounter; 
therefore, the triage nurse has access to a comprehensive medical history of any patient that has 
visited the health system previously. During my observational time, some of the nurses searched 
more thoroughly through the patient record than others.  This was influenced by the need to 
move the patient through triage quickly due to other patients waiting to be triaged, and the 
complexity of the patient’s clinical presentation. For example, if the patient had an infected 
intravenous port, some nurses would review the record to find when the port was placed and the 
uses for the port, or if the patient reported having been admitted at another hospital recently, the 
nurse might review pertinent data including the discharge summary, and diagnostic test results. 
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The majority of nurses used this function during triage to verify current medications and 
comorbidities. 
When I asked the nurses what factors influenced them to predict admission, they stated 
that the physical measurements such as vital signs (temperature, pulse, respiration, blood 
pressure and peripheral oxygen saturation) were most helpful. Nurses also shared feedback that 
other key factors that influenced their decision to predict admission included comorbidities, 
psychosocial factors, and physical findings such as pallor, diaphoresis or slow capillary refill.  
They also stated that the perception that more observation, evaluation or specific treatment was 
needed influenced them to predict admission. For example, a patient who had been on antibiotics 
for two weeks for cellulitis presented to the ED with redness at the infection site and fever. The 
nurse predicted admission because this patient would most likely be treated with intravenous 
antibiotics, which would require admission to an inpatient bed. 
During the retrospective EHR review, I found that pain level, mental status, information 
provided by the patient, comorbidities, current medications, symptoms, history of current illness, 
medical history and previous ED visits and hospitalizations were documented in the triage 
assessment, medical history, encounters, and medication sections of the EHR. Nurses also 
document a narrative note in the triage assessment section of the EHR that includes observations 
and verbal information provided by the patient. Table 13 provides a summary of predictors of 
admission identified on the retrospective record review that were documented during the triage 




Table 13. Factors Associated with Admission that were Documented during the Triage 
Assessment  
Factor N= 42  
Patients 
Comorbidities, (at least 
one of the following: 
Cancer, COPD, CHF, 





Laboratory tests initiated 
at triage 
15 (36%) 
Hypotension 7 (17%) 
Recent Hospitalization 
(within 30 days)  
6 (14%) 





Factors documented at triage that have been identified as associated with admission 
include: comorbidities, laboratory tests initiated at triage, hypotension, hospitalization within the 
previous 30 days, and ED visits within the previous 72 hours (Barak-Corren, Isralelit, & Reis, 
2017). The presence of two or more comorbidities was noted in 56% of the admitted patients in 
my study, and nurses initiated protocols that allowed the ordering of laboratory tests in triage on 
36% of the patients. Hypotension was defined as a systolic blood pressure below 90 mmHg or a 
diastolic blood pressure below 60 mmHg in adult patients.   
In this study, the nurses’ prediction of admission with true positive results was more 
accurate than the APT v.2 for 20 patients. If the nurse predicted admission, I asked them to 
identify factors that influenced them to make the prediction. Table 14 provides a detailed 
breakdown of the APT prediction for these patients and additional information available to the 
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nurse at triage. Patterns identified included: fourteen of the patients had at least one comorbidity 
and eight had two or more comorbidities, fifteen patients reported more than five current 
medications, seven of the patients had been hospitalized within the last 30 days, and eight had an 






























.7147 66  COPD, Diabetes X  X X 10 
Shortness of 
Breath 
.6905 33  CHF, Obesity X   X 11 
Chest Pain .6825 68  Diabetes   X  7 
Chest Pain .6825 60  Renal Disease, 
Cancer 
    5 
Complicated 
Wound Infection 
.6645 55 X Cancer     5 
Rectal Bleeding .66 67  Renal Disease, 
Diabetes, Cancer 
X    8 
Fever .6129 14  Cancer    X 7 
Abdominal Pain .5385 76  Renal Disease 
Cancer 
X   X 6 
Chest Pain .4749 51    X   2 
Syncope .4706 53  Diabetes    X 11 
Abdominal Pain .4412 19  Renal Disease    X 4 
Alcohol 
Withdrawal 
.4113 60 X      7 
Fever .3571 10 
weeks 
  X   X 1 
Swelling/Pain in 
Extremity 
.2872 48 X Diabetes     11 
Abdominal Pain .2237 16     X  0 
Abdominal Pain .2166 26  Bulimia, 
Pancreatitis 
X  X X 2 
Abdominal Pain .2166 19  Hypothyroidism X   X 5 
Infected Port .1979 23 X Chronic Intestinal 
Disease 
   X 5 
Abdominal Pain .1932 7   X    0 
Dysuria .0529 56 X COPD, CAD   X  12 
Total (%)   5 (25%) 15 (75%) 8 (40%) 1(5%) 5 (25%) 10 (50%)  
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When I asked the nurses what influenced them to predict admission, the response was 
typically focused on a clinical observation, medical history, or a circumstance that might 
increase the need for hospitalization (e.g., need for antibiotics, caregiver breakdown, or abnormal 
diagnostic test result). Nurses did not report their prediction to be influenced by which attending 
physician was on duty, but did mention that the decision to admit varies among physicians. A 
summary of data available at triage that nurses reported influenced their decision to predict 
admission is presented in Table 15. All of the data identified are documented in the triage 
assessment screens in the Epic EHR. Examples in Table 15 are not specific criteria for predicting 
admission (e.g. oxygen saturation 87%, Ejection Fraction 10%), they are examples of data 
observed during this study. Future research is needed to validate the specific clinical values 




Table 15. Data Available at Triage That Influenced Nurse Prediction in This Sample 
Factor Examples N 
(N= 63) 
Comorbidities • Cancer, COPD, CHF, CAD, Cirrhosis, 
Diabetes, Diverticulitis, Pancreatitis, Renal 
Disease 
14 
Physical Assessment • Gross edema in ankles 
• Delayed capillary refill 
• Redness/cellulitis at site 
• Oxygen saturation 87%, wheezing 
• Pale, irritable 
• Unconscious 
6 
Need for Follow Up 
Treatment/Observation 
• Need for more work up for diagnosis (x2) 
• Needs observation for chest pain 
• Needs IV antibiotics 
4 
Medical History • Ejection Fraction 10% 
• History of DTs 
• Immunosuppressed cancer patient 
3 
Extenuating Circumstances • Caregiver breakdown- cancer patient 
• Dependent on TPN- needs new port 
• Palliative care- may require hospitalization for 
pain control 
3 
Abnormal Imaging Results 
(available at triage) 
• CT results- Multiple PE 
• CT results- Appendicitis 
• CT results- Fluid in abdomen 
3 
Recent Hospitalization • Recent admission for pancreatitis 
• Recent hospital admission- new cancer 
diagnosis 
• Discharged from hospital today 
3 
Summary 
In this chapter, results addressing Specific Aim 1 include analyses of the accuracy of the 
APT v.2 and Nurse independently and when they were independently in agreement in their 
admission prediction, accuracy of nurses by experience level and a comparison of nurse 
confidence level to accuracy. Results from the Specific Aim 2 analyses include a summary of 
nurse identified factors that influenced them to predict admission and a review of factors   
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associated with admission that were documented in the triage assessment. In Chapter 6, I will 
discuss the significance of these findings in detail and implications for their use in the 
improvement of future versions of the APT. 
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CHAPTER 6. DISCUSSION 
Introduction 
The Institute for Healthcare Improvement (2017), describes crowding in emergency 
departments as a hospital wide issue “often the result of ED beds being occupied by patients 
waiting to be admitted to the hospital” (p.5), and recommends the utilization of varied 
approaches to achieve improved hospital wide patient flow. “Data driven operational 
management systems,” “real time capacity and demand systems (p.17),” and implementation of 
parallel processes, are examples of approaches the IHI suggests to address the potentially 
harmful delays in care associated with boarding admitted patients in the ED. In this study, I 
evaluated one approach to potentially improve ED throughput for patients waiting for admission 
by prospectively testing a data driven tool that identifies those patients who are likely to be 
admitted in order to proactively reserve an inpatient bed. The findings of my study will be used 
to inform revisions to the APT to increase the sensitivity, specificity, and positive predictive 
value of the tool. In this chapter, the main findings will be discussed, followed by sections on 
implications of the findings, limitations of the study, and recommendations for future research. 
Representativeness of Patient and Nurse Populations 
 The patient sample enrolled in this study demonstrated similar demographics to those in 
the original UNC Medical Center ED sample used to build the APT v.2. The median age of 
admitted patients in the APT v.2 data base was 52 years of age as compared to 58 years of age in 
my sample. This could be due to the demographics of the ED shifting over the five years 
between the original data collection period (2012) and 2017, seasonal patterns of patients in a 
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college town, or the fact that I targeted patients with medical chief complaints for this study. 
Table 16 presents the demographics of my study sample compared to the demographics of the 
APT v.2 data base.  
 
Table 16. Patient Demographics 




















 Gender N (%) N (%) N (%) N (%) N (%) N (%) 
  Male 













       
 Median 
Age 
58 38 45 52 32 38 
        
       
 ESI Level 
(Mean) 
2.55 3.39 3.14 2.66 3.41 3.19 
 
The mean ESI levels were very similar in both the original data and my study and the top 
four chief complaints in the overall UNC Medical Center ED demographic data and my study 
were the same. The overall percentage of patients admitted in the APT v.2 data base was 29%, as 
compared to 31% in my study sample.  The gender ratio for the admitted patients was slightly 
different than in the original APT v.2, which was 48% (n=9,085) male, compared to 56% (n=29) 
male in my study. The non-admitted group was also slightly different from the original database, 
44% (n= 20,101) male compared to 39% (n=46) male in my study.  The variation in the 
admission rate from the original data base is due to the inclusion of only medical patients in my 
study sample. The variation in median age from the original data base is likely related to the 
exclusion of behavioral health, surgical and obstetrical patients from my study as those patients 
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are typically younger than medical patients and elimination of those patients would decrease the 
mean age of the sample.  
The nurse sample was representative of the overall ED triage staff with the majority of 
the nursing staff having 2-10 years of nursing experience and 1-5 years of triage experience. 
Approximately one third of the triage nurses in this study (36%) had completed their CEN 
certification and had 2-5 years of triage experience. Twenty-five (63%) of the 40 triage nurses in 
the UNC Medical Center ED were included in my sample. 
Overall Findings Related to Specific Aims and Hypotheses 
 In this study, I evaluated the accuracy of the APT v.2 and triage nurse accuracy in 
predicting admission through prospective application of the tool. I also explored other data 
available to triage nurses that could be used to enhance future versions of the APT. 
Specific Aim 1: Evaluate the Accuracy of the APT V.2 in Predicting Admission in a 
Prospective Study and Compare it to Triage Nurse Predictions of Admission. 
Hypothesis: The APT v.2 will predict admission as accurately as nurses when applied 
prospectively. 
Specific Aim 2: Identify Additional Data Available to Triage Nurses that can Enhance 
Accurate Prediction of Patient Admission Leading to Further Refinement of the APT 
Hypothesis: Nurses have access to data and make patient observations at triage that can be 
incorporated into future versions of the APT. 
 My research determined that the APT v.2 is accurate in predicting admission 
prospectively based on information available at the completion of triage. Triage nurses were also 
accurate but more likely to predict admission in patients who were not admitted. The 
combination of the APT v.2 and nurse prediction produced the most accurate predictions, 




The results of my study also confirmed the hypothesis that triage nurses have access to 
 data and make patient observations at triage that can be incorporated into future versions of the 
APT to make it more accurate in predicting admission. Through observation and retrospective 
medical record review, I identified additional data and observations available to triage nurses that 
have the potential to enhance accurate prediction of patient admission from the ED to inpatient 
units. These results will be discussed more in-depth in the following sections. 
Specific Aim 1 Findings 
1. APT v.2 Accuracy 
The results of this study confirmed the hypothesis that the APT v.2 predicted admission 
as accurately as nurses when applied prospectively. The overall accuracy of the APT v.2 in 
predicting admission or discharge was 80%, equal to the overall accuracy rate of the nurses. The 
APT v.2 accurately predicted disposition for 135 of the 169 patients in the study (Table 9,  
Chapter 5).  
Statistical analysis of the APT v.2 accuracy in predicting admission determined that the  
APT v.2 predicted admission with a sensitivity of 0.44, and a positive predictive value of 0.82. 
The sensitivity describes how effective the model is at identifying patients who will truly be 
admitted.  The APT v.2 is conservative in predicting admission, but highly selective and tends to 
ignore patients who are on the borderline, but identify the “clear to-be-admitted patients.” 
 The positive predictive value describes the likelihood that if the APT says the patient is going to 
be admitted, the patient is actually admitted.   
The APT v.2 with the chosen probability threshold, was designed to be conservative in 
predicting admission in order to prevent falsely predicting admission and creating frustration 
among staff and physicians if beds are reserved for patients who do not ultimately need them. 
Based on conversations with the clinical leadership at UNC Hospital, in order for the tool to be 
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accepted and implemented operationally, the positive predictive value needed to be >0.90. A 
high positive predictive value is desirable because it indicates that the APT’s identification of an 
admission is reliable.  For example, a PPV of 0.97 would indicate that out of every 100 patients, 
we expect 97 of them to be admitted and three of them to not be admitted. The APT research 
team set the high PPV as a goal for the tool in order to reduce false admission prediction in 
hopes of making the patient care team feel more comfortable with the prediction.  From the 
perspective of the inpatient staff and physicians, a high PPV would prove reliability in predicting 
accurately the need to reserve a bed. It is crucial for the tool to be dependable for these 
stakeholders, as beds are at a premium, and reserved beds that are not needed would create 
frustration and block use by patients who really need them.  
Factors Affecting Accuracy Rate of the APT v.2. 
One factor that affected the accuracy rate in this study was that we lowered the APT v.2 
 threshold to an acceptable probability of admission to 0.75. Originally the tool was designed to 
predict admission only for patients with an APT admission probability of 0.90 or greater. This 
change was necessary due to the low number of patients enrolled at 0.90 or above (n=2) and the 
low sample size in some of the APT v.2 chief complaint categories, as well as the need to use the 
“other” category frequently. By decreasing the threshold for admission prediction to a 
probability of 0.75 or greater, I was able to increase the number of patients enrolled in the study. 
Lowering the threshold for the predicted probability has the desirable effect of increasing 
sensitivity (identifying more true patients to be admitted), but the undesirable effect of reducing 
the positive predictive value (more patients identified by the APT as to-be-admitted, but are not 
actually admitted.). Lowering the probability threshold in my study had the expected impact of 
lowering the PPV. 
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The APT v.2 was designed to be conservative in order to prevent falsely identifying 
patients to be admitted, but was based on a limited sample of one year of ED visits. Adding more 
years of data to the APT data bank would make it more accurate by increasing sample sizes in 
each chief complaint/age group/ ESI level category. Using data from the Epic system instead of 
non-electronic records will also improve standardization and consistency. 
  Another issue that affected these results was the limitation of the APT v.2 chief 
complaint list. The version I used in my study had only 67 of the most common medically-
oriented chief complaints, when in fact there were over 1,000 chief complaints recorded in the 
dataset used to build the APT v.2. Because of this, I needed to use the “other” category in the 
APT v.2 when patients presented with a chief complaint that was not on the tool’s chief 
complaint list exactly or as a synonym. Expansion of the chief complaint list in future versions of 
the APT to align with the available chief complaints in the Epic EHR (n=831), could eliminate or 
reduce the need to have an “other” category. This would make the prediction more specific to the 
chief complaint. As a result of my research, I recommend that future versions of the APT include 
a larger, more detailed list of chief complaints to more closely match the chief complaints that 
the majority of ED patients present with and nurses document in the Epic EHR triage 
assessment. I would also recommend increasing the size of the dataset for the APT v.2 to include 
more than one year of data. More data would provide a larger base for all categories within the 
APT and support a more complex version of the model framework.  
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2. APT v.2 Accuracy compared to Triage Nurses 
The overall accuracy of the triage nurses in predicting admission or discharge was 80%.  
Nurses accurately predicted disposition for 136 of the 169 patients in the study. Overall, this was 
comparable to the APT v.2, but the positive predictive value was lower (0.64). This was likely 
because the nurses had no incentive to be cautious in predicting admission, which is 
demonstrated in the sensitivity and specificity analysis (Table 10). The nurses predicted 
admission for 65 of the patients in the study, for a sensitivity of 0.81, but 23 (35%) of those were 
not admitted (Table 10). The APT v.2 also demonstrated a higher specificity at 0.95, compared 
to 0.80 for the nurses.    
These results are consistent with the multivariate predictive modeling results reported in a 
study of ED admission prediction by Barak-Corren, Israelit & Reis (2017) on 80,880 ED patients 
in a large tertiary hospital in Israel. In their retrospective study, the researchers used a logistic 
regression model to predict patient disposition at three progressive time points during the ED 
visit, using information available in the EHR. They concluded that through the application of the 
model, information available in the EHR can be used to predict admission and improve patient 
flow. Barak-Corren et al., reported 79% accuracy with a 0.51 sensitivity in predicting admission 
at 10 minutes after arrival. 
In order to determine if the nurses’ insight could enhance the accuracy of the APT v.2, I 
evaluated the prediction of admission when the nurse and APT v.2 independently agreed that the 
patient would be admitted (Table 11). It was important that the nurse’s admission prediction was 
made without the influence of knowing the APT v.2 prediction so that the nurse was not biased 
by the APT v.2 prediction. The nurse’s observation of the patient at triage adds a level of depth 
to the admission prediction that the APT v.2 cannot reach with just the three variables it analyzes 
for the admission prediction. The nurse has the ability to take the physical assessment, medical 
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history, and other pertinent factors into consideration when predicting admission. For example, 
the patient may present with a chief complaint that is typically a low acuity, but be diaphoretic 
and pale, and the nurse realizes that the patient needs urgent medical evaluation. 
Overall, the most accurate predictions occurred when the nurse and APT v.2 
independently agreed to admit. The positive predictive value was higher (0.88) for the combined 
APT v.2 and nurse analysis, although sensitivity was lower than for either independently (0.42) 
due to the lesser number of patients that they agreed should be admitted (n=25) (Table 11).  The 
analysis of the combined APT v.2 and nurses’ accuracy in predicting admission demonstrates the 
significance of incorporating the nurses’ knowledge and observation in combination with the 
APT v.2 in order to more accurately predict admission.  
I also analyzed the accuracy of the prediction when the APT v.2 and nurse independently 
 agreed that the patient would not be admitted (Table 12). This analysis produced a higher 
sensitivity (0.79), and positive predictive value (0.91) than the agreement to admit. The false 
negative rate (combined prediction to discharge, but the patient was admitted) was 0.17.  Based 
on this analysis, these results could be important for guiding appropriate patients to low risk 
treatment areas and preventing inappropriate assignments to fast-track treatment areas that could 
create bottlenecks in flow.  For example, if a patient who is classified as ESI level 4 and 
perceived to be likely to be discharged is assigned to a fast track area, but a critically abnormal 
laboratory or imaging result is reported, the work up for that patient can become complicated and 
the patient will remain in that bed for a prolonged length of time slowing the patient throughput 
in the area. The combined APT v.2 and nurse prediction guidance would likely prevent this type 
of mistake.  
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Factors Affecting Triage Nurse Admission Prediction 
I found that when nurses reported more confidence in their prediction, the prediction was 
 more accurate (Figure 4). This is consistent with the findings of Stover-Baker et al (2012) in 
their study of the accuracy of ED nurses in predicting admission. In that study, the objective was 
to determine if triage nurses were accurate in predicting admission, and how their confidence 
level affected accuracy in prediction. The Stover-Baker et al., (2012) study advocated for nurses 
to predict admission and focused on the accuracy of triage nurse predictions and the potential to 
improve ED throughput through early identification of the need for an inpatient bed.   
I also examined the relationship between triage nurse experience and accuracy. Although  
the sample is too small to be statistically significant, I found that in this sample nurses’ accuracy 
overall increased with triage experience up to ten years of experience. The two nurses who had 
greater than 10 years of triage experience (one with 18 years and one with 30 years of triage 
experience), had a combined accuracy rate of 62.5% (Figure 3, Chapter V).  The nurse with 30 
years of triage experience was 100% accurate, but the nurse with 18 years of triage experience 
was correct only 40% of the time, and reported confidence levels of 6-7 on those predictions that 
were inaccurate, compared to confidence levels of 8 or greater when the prediction was accurate. 
Both of the nurses with more than 10 years of triage experience were CEN certified.  
During my conversation with the nurse with 18 years of experience, the nurse’s  
explanation for the admission predictions that were inaccurate were primarily related to 
complicated medical conditions in pediatric patients (e.g. respiratory distress in a 1 month old, 
child with a VP shunt and fever, and parents returned to ED same day with a 4-year old). This 
nurse said that they were not confident with predicting admission on pediatric patients due to the 
many subtle differences in the physical presentation. These findings demonstrate that individual 
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nurses have strengths and weakness related to patient assessment, and generalization based only 
on experience or certification should be made with caution.  
I also compared the accuracy of the nurses who were Certified Emergency Nurses (CEN) 
to the accuracy of those who were not certified. The largest percentage of CEN certified nurses 
(20%) was in the two to five years of experience range, with the overall CEN certification rate 
among triage nurses in this sample at 36%. The certified nurses had an accuracy rate of 94% in 
predicting the admitted patients, with an overall accuracy rate of 81%. The nurses who were not 
certified correctly predicted the admitted patients 79% of the time, and had an overall accuracy 
rate of 75%. The sample size (n=25, with only 9 in the CEN group) is too small to validate 
statistically, but the accuracy rate for certified nurses was higher and may be an indication of 
greater expertise among the certified nurses. Consideration should be given to requiring CEN 
certification for ED nurses who are doing triage, especially when a clinical decision support tool 
(APT) is used. Karlsson & Forsum (2004) reported that clinical decision support tools are best 
used in concert with medical and nursing experts. CENs are considered to be clinical experts in 
emergency care and are ideal for applying their assessment skills to augment the APT as a 
clinical decision support tool. 
Specific Aim 2 Findings 
Through observation of the triage assessment, nurse interviews and retrospective medical  
record review, I identified additional data and observations available to triage nurses that have 
the potential to enhance accurate prediction of patient admission from the ED to patient units. 
The value of nursing assessment skill has tremendous value to enhance the data-driven APT v.2. 
Nurses have the opportunity to observe the patient and include assessment data that are not 
included in the APT in order to more accurately predict admission.   
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The APT is a semi-automated electronic tool that takes in patient data and produces an 
admission probability between 0.01 and 1.0. The APT v.2 uses three variables (age group, ESI 
level, and chief complaint) as input. In this study, the variables were manually entered into the 
tool for each patient by the researcher. Future versions of the APT will be fully automated, first 
retrieving electronic patient data (including, but not limited to, the three variables used in the 
APT v.2) from the electronic health record in real-time, and then producing an admission 
probability for the ED clinicians and admissions staff.  My goal for Specific Aim 2 was to 
identify variables available electronically in real-time in the EHR that could be incorporated into 
future versions of the APT, to enhance the accuracy of admission prediction. 
There were 20 cases in my study sample where the nurse accurately predicted admission, 
but the APT v.2 did not. Table 14 presents the information available to the nurses at triage that 
informed their predictions for admission. Triage nurses have the ability to do a complete 
assessment including review of the medical record and make a more informed decision than can 
be included in a data driven tool. This insight can be very valuable in accurately predicting 
whether or not the patient is likely to be admitted. In these 20 cases, the presence of 
comorbidities influenced the prediction in 14 (70%) of the cases, abnormal heart rate or blood 
pressure influenced the prediction in 10 (50%) of the cases, and hospitalization within the last 30 
days was noted as influencing the nurse’s prediction in eight (40%) of the cases. Fifteen (75%) 
of the 20 patients had more than five ongoing medications. Patients who take multiple ongoing 
medications have been identified as likely to have frequent hospital admissions (Camden 
Coalition of Healthcare Providers, 2017). These results produced a compelling argument to 
include data that are available to triage nurses and influence their admission predictions in the 
revision of the APT. 
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1. Physical Findings 
Although nursing intuition based on experience cannot be replaced by the APT, many 
 factors that the nurses identified as influencing them to predict admission were documented in 
the triage notes. The best source of additional data for the APT was physical findings identified 
by the nurses. As nurses measure the triage vital signs and interview the patient, they are visually 
assessing for abnormal physical findings in addition to the measured data. In this study, the 
nurses reported that physical observations including pale skin, delayed capillary refill, gross 
edema, and abnormal blood pressure influenced them to predict admission in 81% (n=34) of the 
accurately predicted admissions. In my review of the triage documentation including the 
narrative nursing note, I verified that these factors are documented in the Epic triage record in 
drop down box assessment templates and or in narrative notes; these could be accessed 
electronically by a future version of the APT. This information could be electronically pulled 
from the documentation through the use of key words or phrases such as pale, diaphoretic or 
delayed capillary refill.  Advances in technology now provide a mechanism to abstract key 
words and phrases from narrative notes and incorporate those findings into the revised APT 
application. 
Barak-Corren et al., (2017) reported that abnormal vital signs, initiation of clinical  
laboratory tests (e.g., troponin, blood glucose) at triage, recent hospital admission, and recent 
visits to the ED are significant predictors of admission, and are available within the first 10 
minutes of the patient encounter and are readily accessible in the triage documentation. This was 
supported by my research as it matched the response from the nurses when asked what factors 




Nurses also identified combinations of comorbidities, such as cancer with 
immunosuppression and fever, as influencing their prediction that patients would be admitted. 
When patients had complicated medical history such as a previous kidney transplant, the nurses 
took that into consideration as a factor that would make the patient more likely to be admitted. 
For example, during my observation a patient entered the ED with a chief complaint of redness 
at the site of an intravenous port. The nurse reviewed the medical history and determined that 
this patient had a congenital condition that required removal of the colon shortly after birth, 
diabetes, and complete dependence on intravenous total parenteral nutrition for survival. 
Although an infected port could probably be treated on an outpatient basis in most cases, in this 
case the comorbidities compounded the clinical needs and the nurse predicted correctly that the 
patient would be admitted. The APT v.2 predicted admission probability was 0.20, because the 
comorbidities were not able to be taken into account in the prediction.  
The APT v.2 only allows for one chief complaint to be entered for each patient, but the 
nurses identified several patients who had a combination of chief complaints that made the 
presentation of the patient condition much clearer. Nurses are able to choose multiple chief 
complaints in the Epic EHR; therefore I recommend that multiple chief complaints be included 
in future revisions of the APT to more accurately represent the patients’ conditions. Increasing 
the size of the data base in the APT will allow more flexibility in incorporating more chief 
complaints and will support a highly complex model. The limited data base of the APT v.2 did 
not have enough data to support this level of complexity. 
Through this study, I discovered that triage nurse assessments vary by nurse, particularly  
the depth of EHR review of the medical history. Gertz (2003) researched triage nurse clinical 
decision making and concluded that the subjective nature and situational influences of nurses’ 
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triage decisions should be balanced with standard triage scales to improve consistency, but there 
is no evidence of research to evaluate the consistency of triage assessment of medical history in 
current literature.  A thorough review of the medical history and previous encounters should be 
an integral part of the triage process. In the Emergency Nursing Core Curriculum, the 
Emergency Nurses Association (2017) recommends that the essential elements of an ED triage 
assessment include the review of significant medical history (such as current and pre-existing 
illness), last menstrual period in childbearing age women, smoking and tobacco use, current 
medications, allergies, and immunizations status. The essential elements of triage assessment are 
further described by the Emergency Nurses Association as including a rapid assessment of the 
presence of life threatening conditions and acuity, a brief primary assessment including airway 
and cervical spine, breathing, circulation, disability, and exposure/environmental controls, 
subjective patient and family data, chief complaint, a brief history of current illness and 
significant past medical history, and objective focused assessment related to the chief complaint. 
The nurses observed in this study consistently documented this assessment in the ED triage 
assessment section of the EHR.  During my observation, some of the triage nurses were very 
diligent in reviewing this information thoroughly and some were not. In some cases this was due 
to many patients waiting to be triaged and the nurses’ perception that they did not have time to 
thoroughly review the past medical history based on the need to expedite the triage process. This 
represents a potential opportunity for ongoing education for the UNC Medical Center ED triage 
staff and integration of an automated clinical decision tool (APT) to pull information from the 
medical record and notify the nurse through alerts to help inform triage decisions.    
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3. Recent Hospitalizations and ED Visits 
The nurses interviewed for this study also reported that hospitalization within the last 30 
 days or an ED visit within 72 hours were admission predictors for 64% (n=27) of patient 
encounters. The nurses obtained this information from the patient interview during triage and a 
review of encounters in the EHR. For example, if the patient was seen at another hospital, the 
nurse was able to access the record of that encounter through an Epic interface with other 
facilities. 
4. Other Variables Influencing Nurses to Predict Admission  
In this study, I assessed additional variables that influenced nurses’ admission  
predictions including mode of arrival, pre-ED visit abnormal laboratory and imaging results and 
current medications. Consistent with previous research (Peck et al., 2012, Sun et al., 2011), mode 
of arrival was associated with admission for 17% (9 of 52) of admitted patients arriving by EMS, 
compared to 8.5% (10 of 117) of non-admitted patients.  Patients who were referred to the ED by 
medical providers for abnormal laboratory or imaging results influenced nurses to accurately 
predict admission in three cases.  
The number of current medications for admitted patients was assessed only for admitted 
patients (Table 14). Although all patients who were asked to participate in the study agreed, due 
to the logistical challenges associated with obtaining HIPAA waivers on all patients, I was not 
able to review EHRs to collect data on current medications for non-admitted patients. Patients 
who were admitted had a median number of five current medications, and a mean of six 
medications. Hastings, Schmader, Sloane, Weinberger, Goldberg, & Oddone, (2007) found that 
veterans who had higher numbers of ongoing medications (>5.5) had higher risk for adverse 
outcomes and Logue, Smucker, & Regan (2016) reported that patients who were on multiple 
(n=>6) ongoing medications were at increased risk for readmission. Further investigation of the 
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relationship between the number of ongoing medications and patient disposition (admission or 
discharge) should be conducted in future studies of the APT. 
Recommendations for Additional Data for the APT 
  Nurses gather valuable data during triage assessments that can be incorporated into 
revisions of the APT. This information is documented in the EHR and is accessible electronically 
immediately after it is entered. Table 17 summarizes my recommendations for additional data 
available at triage that can be incorporated into the revised APT and where these variables are 




Table 17. Recommendations: Updates to the APT, and Location in EHR 
Variable Recommendation/ Example Tab/Field in Epic EHR 
Abnormal Visual Observations  Include a search for key 
words/phrases in narrative 
nursing triage note: e.g., Pale 
skin, cyanosis, delayed 
capillary refill, diaphoresis, 
edema 
Snapshot/Notes /ED Triage 
Note and ED Provider Note 
Abnormal Laboratory and Imaging 
Results 
Identify patients who are 
referred to ED with abnormal 
Laboratory or Imaging results, 
e.g., PE, fluid in abdomen or 
appendicitis noted on CT Scan,  
Snapshot/Physician 
Overview/ Summary/ 
Laboratory or Imaging 
Hypotension Identify patients with systolic 
blood pressure below 90 mmHg 
or diastolic blood pressure 




Comorbidities Search medical history for 
current presence of Cancer, 
CHF, Cirrhosis, COPD, 
Diabetes, Diverticulitis, 
Pancreatitis, Renal Disease 
Snapshot/Physician 
Overview/ Summary 
Medical History and 
Hospital Problem List 
Chief Complaints Expand Chief Complaints to be 
consistent with most frequent 




Hospitalization within 30 Days Search for encounters at UNC 
as well as other hospitals in 
encounters and triage notes 
Snapshot/Encounters Date / 
Triage Notes 
ED Visit within Previous 72 Hours Search encounters for dates of 
ED visits 
Snapshot/Encounters Date 
Mode of Arrival Identify Patients who arrive by 
EMS 
Snapshot/ Physician 
Overview/ Summary ED 
Arrival 
Abbreviations: 
CHF- Congestive Heart Failure 
COPD- Chronic Obstructive Pulmonary Disease 
CT- Computed Tomography 
EMS-Emergency Medical Services 




Implications of the Findings 
Practice Implications 
 My recommendations for updates to future versions of the APT (Table 17) have the 
potential to improve the tool’s accuracy in admission prediction and support clinical decisions 
regarding patient admission at the end of triage. Improvements in the APT accuracy can 
potentially lead to parallel processing of patients, reduced boarding times and improved 
throughput for ED patients. This would need to be tested proactively to determine if boarding 
times are reduced, and throughput times actually decrease. I recommend revision of the APT to 
include these data from the EPIC EHR: abnormal visual assessment observations, hypotension at 
triage, comorbidities, hospitalization within the past 30 days, another ED visit within the past 72 
hours, and the most frequently used chief complaints available in the Epic EHR (Table 17). I 
recommend including only the most frequently used chief complaints from the Epic EHR, 
because incorporating all 831 chief complaints would make matching each specific chief 
complaint challenging and could result in small, less reliable sample size in the infrequently used 
categories.  As more specific patient data is used to inform the APT, the sensitivity and overall 
accuracy of the tool will increase. Decreasing false admission predictions would build 
confidence in the tool and decrease staff and physician frustration around reserving a bed when 
one is not needed. Once accepted, future versions of the APT could be fully automated as a 
decision support tool to facilitate proactive inpatient bed reservation decreasing or eliminating 
ED boarding time for admitted patients. 
I recommend revision of the APT to include continual updating of the APT admission 
prediction during patients’ ED visits as more diagnostic results are available to provide increased 
accuracy and confidence in the decision to proactively reserve a bed.  For example, the APT 
prediction could be updated as clinical results such as laboratory and imaging results are 
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available. This could be accomplished through an interface that would allow the APT to 
automatically pull information from the EHR and continually update it as new information is 
added. As diagnostic testing results are reported, the APT would update based on the new 
information about the patient and adjust predictions of admission based on this information. In 
some EDs, laboratory data may be available at triage if point of care testing is incorporated in the 
triage process. Pines, Zocchi, Buchanan, Shah, & Travers (2017) assessed the effect of point of 
care testing at triage on triage prioritization by nurses. They reported that nurses changed triage 
prioritization to higher priorities in 71.6% of the cases based on abnormal point of care testing 
results in simulated scenarios. Point of care testing in triage can help triage nurses prioritize and 
expedite triage when results support the need for faster intervention. Results of point of care 
glucose, troponin and other blood tests would be included as part of the diagnostic testing results 
available to update the APT prediction. 
 This research is consistent with the findings of Stover-Baker et al., (2012) that nurses’ 
admission accuracy increases with their level of confidence in their decision. In the Stover-Baker 
et al. study, the correlation between confidence and accuracy was significant and as the nurse’s 
confidence increased, the accuracy increased as well.  Figure 5 (Chapter 5) demonstrates how 
accuracy was correlated with nurse confidence level in my study. The higher the level of 
confidence in their decision to predict admission, the higher the level of accuracy in the 
prediction. 
My findings on predictors of admission are consistent with previous studies including 
LaMantia et al. (2010) and Barak-Corren, Israelit & Reis, (2017). Variables related to accurate 
admission prediction include abnormal blood pressure, certain chief complaints, ESI level, recent 
ED visits and hospitalizations, labs ordered by triage nurses, significant medical history with 
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hospitalization, and certain comorbidities (cardiac disease, chronic obstructive pulmonary 
disease, and cancer) as associated with admission. My recommendations for data that should be 
included in future versions of the APT is included in Table 15. This provides the optimum 
combination of objective admission prediction data from historical patient data based on 
combinations of age, ESI and chief complaint (APT v.2) and triage nurse knowledge and 
observation. 
ESI level 3 had the largest group of patients in this study (N=96). This ESI level is a 
broad category that includes various levels of acuity. For example, during my observation, a 
patient with eye pain was classified as ESI 3, as well as a patient with chest pain and 
hypertension. The large variety of patients who fall into this category are often the patients who 
require lengthy diagnostic evaluation to determine the treatment needed. A division of this 
category into at least two groups would allow nurses to more accurately reflect the acuity of 
patients, and provide insight into the need for urgency in treatment. The category is so broad that 
it may be used as a default category when nurses are unsure about which ESI level to assign. 
Hesitancy to assign patients as ESI Level 2 was expressed by several nurses in the study due to 
the heightened sense of urgency associated with ESI level 2 by medical providers, and the peer 
pressure to not create a false sense of urgency. They verbalized that they did not assign patients 
as ESI 2 unless they were sure that the patient needed urgent treatment.  
The APT v.2 is dependent on the nurse’s accurate assignment of the ESI level to make an 
admission prediction. In this study, only 8 of the ESI level 3 patients were predicted to be 
admitted at 0.75 or greater, but 22 were actually admitted. This indicates a need to separate the 
ESI 3 category for patients who are exhibiting more acutely ill symptoms, so that the acuity is 
more accurately reflected. The analysis of admission rates by acuity (Table 4) specifies a Chi 
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Square value of 63.56 and significant p-value of <0.0001, which indicates that the expected 
relationships between admission and ESI were indeed supported by my data. 
Theoretical Implications 
 Prior to this study, I proposed a modified version of the Input, Throughput, Output Model 
of Patient Flow (Chapter 3, Figure 2), which provided a framework for identifying variables that 
could impact patient flow in the ED.  My research findings support identification of variables 
that could impact patient flow (Table 15) and incorporating them into revisions of the APT, so 
that a parallel process can be implemented in which to reserve an inpatient bed as soon as 
possible after triage. This would facilitate parallel processes in which the bed assignment process 
would occur at the same time the diagnostic testing and evaluation are being completed.  These 
variables include abnormal visual observations, hypotension, comorbidities, expanded chief 
complaint lists, hospitalization within 30 days, ED visit within 72 hours and mode of arrival. My 
study did not include implementation of the Bed Request after Triage (BeRT) process, so the 
goal of decreasing wait time for an inpatient bed was not evaluated directly. 
In order to further increase accuracy of the APT v.2 and impact ED flow, nursing 
assessment findings, including physical observations, need to be included in future versions of 
the tool. Based on my study findings, I propose that the Input Throughput Output Conceptual 
Model of ED Crowding be modified further as shown in Figure 5, to include the nursing 
assessment as part of the decision to predict admission and implement the BeRT process. The 
addition of nursing assessment to the APT v.2 ensures that observational data known to the triage 
nurse is included in the calculation of the admission prediction in order to make the most 








Recommendations for Future Research 
 This research applied the APT v.2 prospectively in the ED of a large academic medical 
center, and resulted in recommendations for improving future versions of the APT with 
additional electronic data available at triage. I am sharing the results with the APT research team. 
The team plans to revise the APT based on the results of my study.  Prospective testing of the 
revised APT in academic as well as non-academic settings should be conducted to determine the 
accuracy of future versions of the APT in various settings. The study should be repeated and 
evaluated first in an academic medical center with the recommended revisions to the APT v.2 in 
order to evaluate the effect of the revisions in a similar setting, then could be expanded to 
evaluate it in other types of ED settings.  
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The APT was designed to have be customized to different specific sensitivity, specificity, 
and PPV to address the needs of a given ED by using thorough retrospective data analysis. 
Statistical techniques such as cross validation can be used to simulate how well the APT will 
function under various scenarios using different probability thresholds. The APT can then be 
customized to the specific population of an ED with leadership input regarding desired balance 
between PPV and sensitivity, and specificity and NPV. 
Typically the decision to admit a patient to the inpatient unit in community hospital 
settings is less complicated than in academic centers, and thus the APT prediction should 
potentially be more easily applied. For example, most community hospitals don’t have the 
complicating factor of medical specialty focused medical teams. Patients are admitted to either a 
medical or surgical nursing unit. Future research should be done on the application of the APT in 
community hospitals and the impact of less complicated admission patterns on the accuracy of 
the APT in predicting admission. Community hospital admission criteria is influenced by the 
distance to a tertiary facility and the availability of health care services in the community. This is 
evidenced by a lower acuity of patient being admitted in a community hospital than in an 
academic medical center. It is important to study these admission practice trends and evaluate 
how the APT needs to be adapted in these settings to accommodate for these admission practices. 
 In addition to revising the APT, I recommend an evaluation of the bed request at triage 
process (BeRT) to determine how the process will work in the ED when applied prospectively. 
Acceptance of this process by medical and nursing staff is instrumental in proactively applying 
the process of making bed reservations and decreasing boarding time for admitted ED patients.  
I found that there was variation in the diligence that triage nurses applied when searching 
the medical history of the patient during the triage assessment, and that some of the triage nurses 
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did not review the history beyond what was provided by the patient. Further study could be done 
to assess the variation in the medical history review process and the effect of this variation on 
consistency in triage acuity level assignment. Although triage nurses do not generally review 
insurance status when assessing patients in order to remain completely objective, health 
insurance status should also be studied as a predictor of admission as insurance companies 
determine which conditions are approved for admission. This can vary between insurance 
providers and should be studied to determine if insurance status is a variable that should be 
included in future versions of the APT as a significant contributor to admission prediction. 
Additional research should also be done to determine system factors that influence the 
accuracy of nurse predictions. Evaluation of the association between the timing of the prediction 
and accuracy, volume of patients waiting to be triaged and accuracy, and triage nurse staffing 
level and accuracy are examples of system influences that should be evaluated. 
My research focused on factors that influenced nurses to predict admission, but future 
research should include factors that influence nurses to predict discharge. For example, do nurses 
predict that all patients triaged at levels 4 and 5 will be discharged? The evaluation of factors 
influencing nurses to predict discharge could further inform the revision of the APT. 
In this study, I focused on admission prediction for patients with medical chief 
complaints. Future versions of the APT and studies of the tool’s accuracy should be expanded to 
include other patient populations that experience prolonged ED boarding. One such population is 
patients with behavioral health problems, given the increasing need to board these patients in ED 
settings. Moore, Stocks, & Owens (2017) reported that ED mental health boarding rates 
increased by 41% in emergency rooms across the USA between 2006 and 2014. This patient 
population has very different treatment and evaluation needs than patients with medical chief 
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complaints, and care in the ED can be complicated and challenging. The increased volume of 
behavioral health patients in emergency settings is creating bottlenecks in patient flow due to bed 
availability and is an important consideration for inclusion in revised versions of the APT. A 
behavioral health specific version of the APT could be developed to meet the unique needs of 
this population.  Future studies of the APT should also be expanded to include to other services 
such as obstetrics and surgery.  
The APT v.2 is a semi-automated, clinical decision support tool that requires the 
researcher to enter data by hand as it is identified during triage.  The plan is to eventually create a 
fully automated version of the tool that will notify the ED staff that admission is likely in order 
to facilitate bed reservation and decrease wait time.  Interfacing future versions of the APT into 
the EHR so that it could provide updates as additional patient data are available should also be 
studied, in order to determine the feasibility of this process and the need for future revisions. The 
most important interface to include is the nurse’s input. My analysis demonstrates the value of 
the combination of the APT and nurse but how this combination can be optimized needs to be 
studied. Further research should be focused on how the APT and nurse input can be seamlessly 
combined so that a comprehensive evaluation of the patient’s condition is captured to inform the 
admission prediction.  
Future studies should also explore additional clinical variables for inclusion in the APT. 
In this study, I documented the number of ongoing medications that patients are prescribed, but 
did not explore the association of number or type of medications that may influence admission 
likelihood.  There is a need for future research to examine whether the number or types of 
medications that patients are prescribed on an ongoing basis could be included as potential 
additional data for the revised APT. The Camden Coalition of Healthcare Providers (2016) 
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identified high utilizers of emergency care as patients who have multiple chronic conditions and 
take multiple medications. These high utilizers are frequently admitted through the ED. Study of 
the association between multiple comorbidities and medications and hospital admission could 
help inform revisions of the APT.  
 Mode of arrival was also identified as predictive in determining admission in this study 
but data in the APT v.2 was not conclusive on the influence of the mode of arrival. Future 
revision of the APT should include determination of the effect of mode of arrival as a potential 
indicator of likelihood to be admitted.  
Another area of focus for future research is the ESI 3 category of patients. The majority 
of admitted patients in this study (57%, N=96) were classified as ESI level 3. All of the patients 
classified as ESI level 1 and 2 were admitted, but the ESI level 3 patients were divided with only 
22 out of 96 (23%) being admitted. The ESI level 3 group displayed a wide range of acuity that 
could possibly be divided into two groups (e.g. 3A and 3B) to more accurately reflect the acuity 
of the patients. This concept needs to be explored to determine if two subcategories would allow 
nurses to more accurately reflect the acuity of patients, and the propensity for admission.  
Research also needs to evaluate how accurately nurses assign ESI levels and if the 
nurses’ prediction of admission or non-admission influences the ESI level they assign. 
Assignment of ESI levels is based on very objective criteria but nurses may not always adhere 
strictly to the criteria if they perceive that the patient needs to be admitted, and that a lower ESI 
(2 vs3) level would allow the patient to move more quickly into the main ED for evaluation. 
Research to evaluate how the nurses’ perceptions influence their ESI level assignments would be 
useful to determine if ESI 3 subdivision would allow them to more accurately assign ESI levels. 
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Future research should also include a study to measure the ED throughput time 
improvement with the implementation of the revised APT guidance. Application of the APT to 
predict admission in combination with the Bed Reservation at Triage (BERT) process should be 
evaluated to measure the time that patients actually spend in the ED in comparison to throughput 
time prior to the use of the APT. The value of my research will be demonstrated through 
decreased time for patients in the ED. 
Limitations of Study 
In observational studies, the investigator is limited to observing the effects or outcomes 
on individuals instead of controlling the experience and environment of the participants.  
When compared to randomized controlled trials, where the experience and environment are 
controlled by the investigator, observational studies are less able to predict causality. This 
research was a case-control study.  
From a research perspective, the inability to control the environment and experiences of 
individuals being observed creates challenges to making accurate, generalizable conclusions 
based on data collected. Variances have to be carefully evaluated for interferences that can cause 
misleading observations. In this research, the data must be considered in the full context of 
everything that was taking place in the environment at the time of the patient visit, in order to 
draw accurate conclusions. For example if the waiting area is very crowded with patients waiting 
to be seen, assessments may be done more quickly in order see all patients as soon as possible, 
but review of the previous record and medical history may not be as thorough. Although 
observational studies are challenged by lack of a controlled experimental situation, they are the 
most ethically acceptable alternative in evaluating healthcare experiences and outcomes (Carlson 
& Morrison, 2009). 
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Limitations of this study include the sample size, convenience sample methodology, 
limited hours and days of the week, the lack of a crosswalk in the APT v.2 to all chief complaints 
that the nurse could select from the Epic EHR list, and the inability to access the records of 
patients who were not likely to be admitted. This study was also done at a single site, academic 
medical center, so is not generalizable to all emergency departments. 
This research sample size (n=169) limited the ability to test for statistical significance. 
Repeating this study on a larger sample would produce results that could be evaluated more 
thoroughly for statistical significance. This was also a convenience sample and did not include 
all days of the week or hours of the day. In order to conduct a more thorough evaluation, all days 
of the week and hours of the day should be included. 
 This research was limited in the amount of data collected on patients with low admission 
probabilities. It was not possible to get HIPAA waivers signed by all patients who were included 
in the study due to the need to remain in triage to observe triage on other patients, so I focused 
on obtaining HIPAA waivers on the patients who the APT v.2 identified as highly likely to be 
admitted. IRB approval for this study required HIPAA waivers from patients whose EHR would 
be reviewed after triage. I obtained signatures from the 28 patients identified by the APT v.2 at 
the 0.75 threshold, and 40 patients who were predicted to be admitted by the nurses. There were 
eight patients who were admitted but not predicted to be admitted by either the APT v.2 or the 
nurses. I was able to obtain permission from five of these patients. Future research should 
include review of the records of all included patients, so that all patient records could be 
reviewed and comparison of admitted to non-admitted patients could be more conclusive in 
evaluation of the association of variables such as comorbidities and number of ongoing 
medications with admission. 
 
90 
The APT v.2 includes a very limited list of chief complaints and many did not match 
chief complaints entered by the triage nurses. Future versions of the APT should include the 
most common chief complaints in the Epic EHR, which would eliminate the need to try to find 
synonymous chief complaints or default to the “other” category in the APT v.2. 
Conclusions 
 The APT v.2 is accurate in the first prospective study of the tool on actual patients.  I 
identified information needed to inform a revised automated version of the APT, which is 
currently available in the EHR at triage, including data from the triage nursing assessment.  
Incorporating a revised version of the APT v.2 to include nursing assessment data will improve 
the accuracy of the tool and increase confidence in the operational decision to implement a 
proactive bed assignment process. Further prospective research is needed to validate whether the 
implementation of the revised APT v.2 and bed request after triage process can decrease 
throughput time in the ED, decrease boarding and improve outcomes for ED patients across 
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APPENDIX B. NURSE PARTICIPATION CONSENT 
University of North Carolina at Chapel Hill 
Consent to Participate in a Research Study 
Adult Participants  
 
Consent Form Version Date: ____12/14/16__________ 
IRB Study # 16-3216 
Title of Study: Predicting Admission at Triage: A Pilot Test of the Admission Predictor Tool 
Principal Investigator: Jacqueline Ring 
Principal Investigator Department: UNC School of Nursing 
Principal Investigator Phone number: 919-208-1236 
Principal Investigator Email Address: jfring@email.unc.edu  
Faculty Advisor: Debbie Travers 
Faculty Advisor Contact Information: (919) 966-4980 
_________________________________________________________________ 
 
What are some general things you should know about research studies? 
You are being asked to take part in a research study.  To join the study is voluntary. 
You may choose not to participate, or you may withdraw your consent to be in the study, for any 
reason, without penalty. 
 
Research studies are designed to obtain new knowledge. This new information may help people 
in the future.   You may not receive any direct benefit from being in the research study. There 
also may be risks to being in research studies.  
 
Details about this study are discussed below.  It is important that you understand this information 
so that you can make an informed choice about being in this research study.  
 
You will be given a copy of this consent form.  You should ask the researchers named above, or 
staff members who may assist them, any questions you have about this study at any time. 
 
What is the purpose of this study? 
You are being asked to participate in this study because you are a triage nurse in the Emergency 
Department. 
The purpose of this research study is to evaluate the accuracy of the Admission Predictor Tool 
version 1 in predicting admission of patients in a real-time setting, and collect triage nurse 
feedback regarding other data available that the nurse uses to predict admission. 
 
Are there any reasons you should not be in this study? 
You should not be in this study if it makes you uncomfortable to participate. 
 
How many people will take part in this study? 





How long will your part in this study last? 
Your participation in this study will  be during the triage observation and interview process only.  
 
What will happen if you take part in the study? 
As a participant in this study, you will be observed during the triage assessment of up to 15 
patients and asked three questions about your prediction of admission at the end of triage. You 
will also be asked to complete a brief demographic form indicating your years of experience as a 
nurse, your years of experience as a triage nurse and whether or not you are certified as a CEN. 
Your identity will not be recorded, you will be assigned a triage nurse ID number. 
Signature of this consent form indicates that you are willing to participate in the observation, 
answer the questions at the end of triage and complete the brief demographic form. 
 
What are the possible benefits from being in this study? 
Research is designed to benefit society by gaining new knowledge.  You will not benefit 
personally from being in this research study, but may be able to help us create a more accurate  
tool to predict admission during triage and significantly benefit future ED patients by improving 
throughput. 
  
What are the possible risks or discomforts involved from being in this study? 
Your participation in this study does not involve any physical risk to you. You may suffer 
emotional stress by feeling obligated to participate in the study. Your participation is optional 
and there will be no repercussions if you choose not to participate. You may also worry about 
embarrassment among peers or have concern about negative consequences to your employment 
if you participate in this research. Your participation is not a requirement for employment. If you 
choose to participate, your answers will only be reported in aggregate, and no information about 
you will be individually identified. 
 
There may be uncommon or previously unknown risks. You should report any problems to the 
researcher. 
 
What if we learn about new findings or information during the study?  
You will be given any new information gained during the course of the study that might affect 
your willingness to continue your participation.  
 
How will information about you be protected? 
You will be assigned a triage nurse ID number, and no identifiable information will be recorded. 
Participants will not be identified in any report or publication about this study. Although every 
effort will be made to keep research records private, there may be times when federal or state law 
requires the disclosure of such records, including personal information.  This is very unlikely, 
but if disclosure is ever required, UNC-Chapel Hill will take steps allowable by law to protect 
the privacy of personal information.  In some cases, your information in this research study could 
be reviewed by representatives of the University, research sponsors, or government agencies (for 




What if you want to stop before your part in the study is complete? 
You can withdraw from this study at any time without penalty by asking the research nurse not 
to sit at triage and collect data while you are triaging.  The investigators also have the right to 
stop your participation at any time.  
 
Will you receive anything for being in this study? 
You will not receive anything for taking part in this study. 
 
Will it cost you anything to be in this study? 
It will not cost you anything to be in this study.  
 
What if you are a UNC employee? 
Taking part in this research is not a part of your University duties, and refusing will not affect 
your job.  You will not be offered or receive any special job-related consideration if you take part 
in this research. 
 
What if you have questions about this study? 
You have the right to ask, and have answered, any questions you may have about this research. If 
you have questions about the study, complaints, concerns, or if a research-related injury occurs, 
you should contact the researchers listed on the first page of this form. 
 
What if you have questions about your rights as a research participant? 
All research on human volunteers is reviewed by a committee that works to protect your rights 
and welfare.  If you have questions or concerns about your rights as a research subject, or if you 
would like to obtain information or offer input, you may contact the Institutional Review Board 






I have read the information provided above.  I have asked all the questions I have at this time.  I 















APPENDIX C. APT STUDY DATA COLLECTION FORM 
***********Confidential- Not part of Medical Record*************** 
 
 
Study ID#: ___________ Visit Date:  ___/___/2017__     Time of arrival_______ 
Age______ Gender: M F         ESI level: 1   2   3   4   5 
RN Chief Complaint______________________  
APT Chief Complaint_____________________ 
Comorbidities___________________________________________________________ 
______________________________________________________________________ 
 APT admission prediction:   Y N ________________ 
Admitted: Yes______ No_______ 
Significant abnormal Findings: 
Labs:__________________________________________________________________ 
Imaging:_______________________________________________________________ 




End of Triage_________ 
Nurse Questions_______ 








1. Triage Nurse’s Prediction of Admission 
 
o Yes  What factors influenced you to predict that this patient will be 
admitted?________________________________________________ 
o No 
On a scale of 0-10, how confident are you in your prediction? 















Yes No Yes No MR# Age Study ID#
Patient’s:
Appendix B
********** Confidential-Not part of Medical Record*********
If Found-Please call 919-208-1236 
Patient 
included 
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